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1 Einleitung

1.1 Notwendigkeit diagnostischer Testevaluation

Infektionen finden durch die Aufnahme von Krankheitserregern, wie zum Beispiel Viren oder
Bakterien, statt und stellen eine lokale oder allgemeine Stérung des Organismus eines
Individuums dar. Diese Storungen des Organismus konnen bei dem Individuum klinisch
unauffallig sein, so dass eine Erregerausscheidung durch das Individuum iibersehen wird,
oder mit unspezifischen Symptomen einhergehen, die einem bestimmten Erreger nicht
eindeutig zugeordnet werden konnen (Li 2018). Um bestimmte Infektionen nachweisen zu
konnen und somit die richtige Behandlung anzuwenden und eine Erregeriibertragung auf
andere Individuen zu verhindern, wird also ein diagnostischer Test benétigt, der ein klinisches

oder labormedizinisches Verfahren zum Nachweis der Erkrankung darstellt (Greiner 2003).

Jeder diagnostische Test hat grundsitzlich jedoch einen Anteil falscher Ergebnisse.
Verschiedene Einflussfaktoren wie zum Beispiel eine falsche Anwendung, Kreuzreaktionen
oder eine zu geringe Erregermenge in der Probe konnen zu falsch-positiven oder falsch-
negativen Ergebnissen fithren. Dieser Anteil ist abhéngig vom verwendeten Testverfahren
und Probenmaterial sowie von der untersuchten Population und kann daher stark variieren

(Gardner et al. 2019).

Abhingig vom Anteil falscher Ergebnisse und somit der Sensitivitdt und Spezifitit gibt es
unterschiedliche Anwendungsgebiete flir einen diagnostischen Test, denn dieser muss
passend zum Ziel der Anwendung nach dem ,,fit-for-purpose Konzept“ gewihlt werden
(World Organisation for Animal Health 2018). Ein Screening Test zum Beispiel sollte eine
sehr hohe Sensitivitit besitzen, um moglichst viele positive Ergebnisse richtig zu erkennen.
Ein Bestitigungstest hingegen sollte eine hohe Spezifitit haben, um falsch-positive

Ergebnisse herauszufiltern und so unnétige Interventionen zu verhindern.

Auch in epidemiologischen Untersuchungen, in denen der Anteil positiver Individuen in einer
Population bestimmt werden soll, muss die Testgiite des verwendeten Tests beriicksichtigt
werden. Fehlerhafte Testergebnisse fithren zu einem verzerrten Privalenzwert der
untersuchten Population. Die gemessene Pravalenz kann korrigiert werden, indem anhand der
angegebenen Werte fiir die Sensitivitit und Spezifitdt des Tests der Anteil falscher Diagnosen
bestimmt und dieser der Pridvalenz hinzufiigt beziehungsweise abgezogen wird (Rogan und
Gladen 1978). So kann die beobachtete (apparente) Privalenz einer Population unabhéngig

vom gewdhlten Test adjustiert und damit der wahren Privalenz angendhert werden, wenn



dessen Testgiite bekannt ist. Ein diagnostischer Test muss also zunéchst evaluiert werden, um
seine Werte fiir die Sensitivitidt und Spezifitit zu bestimmen. Mit diesen Informationen kann

das Anwendungsgebiet festgelegt und die Pravalenz korrigiert werden.

1.2 Biologische Problemstellung

Eine hiufig angewendete Evaluationsmethode fiir einen diagnostischen Test ist der Vergleich
mit einem Goldstandard, also einem Test, welcher die gleiche Erkrankung mit optimaler
Testgiite nachweist. Anhand der voneinander abweichenden Resultate wird der Anteil
falscher Ergebnisse des untersuchten Tests bestimmt und daraus die Sensitivitdt sowie die
Spezifitdt berechnet. Dieser Ansatz setzt einen optimalen Goldstandardtest voraus, den es
nicht immer gibt. Wird ein Test anhand eines suboptimalen Goldstandards beurteilt, sind die
berechneten Ergebnisse verzerrt. Eine weitere Moglichkeit der diagnostischen Testevaluation
ist die Anwendung des Tests auf eine Goldstandardpopulation mit bekanntem Krankheits-
status. So kann ein falsches Ergebnis direkt festgestellt und die Testgiite berechnet werden.
Jedoch kann die gewihlte Population aufgrund ihrer spezifischen Eigenschaften die Werte
der Sensitivitit und Spezifitit beeinflussen. Die Werte der Testgiiten wéren somit nicht auf

andere Populationen anwendbar (Dohoo et al. 2009).

Die latente Klassenanalyse (LCA) ist eine Evaluationsmethode, welche auf jede Population
auch ohne einen Goldstandardtest anwendbar ist (Walter und Irwig 1988). Sie basiert auf der
Idee, dass diagnostische Tests einen nicht direkt feststellbaren, also latenten Krankheitsstatus
messen. Jeder dieser Tests hat einen individuellen Anteil falsch-positiver und falsch-negativer
Ergebnisse. Werden mehrere diagnostische Tests auf dieselbe Population angewendet, kann
der Krankheitsstatus jedes Individuums anhand des so entstehenden Antwortmusters
bestimmt werden. Alle Individuen werden somit einer latente Klasse fiir den positiven
beziehungsweise negativen Krankheitsstatus zugeordnet. Durch den Anteil der abweichenden
Ergebnisse jedes Tests innerhalb der beiden latenten Klassen wird dann die Testgiite

berechnet.

Eine wichtige Voraussetzung der LCA ist die bedingte Unabhéngigkeit der Tests. Diese setzt
voraus, dass fiir alle Individuen mit demselben latenten Krankheitsstatus die Ergebnisse eines
Tests keine Riickschliisse auf das Ergebnis eines anderen Tests zulassen. Werden
beispielsweise eine Polymerase-Kettenreaktion (PCR) zum direkten Nachweis der

Desoxyribonukleinsdure (DNA) eines Bakteriums und ein Enzyme-linked Immunosorbent
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Assay (ELISA) fiir den Nachweis von Antikorpern verwendet, priifen beide Methoden
unterschiedliche Formen der Infektion. Ist die Erregermenge sehr gering oder werden
eventuell nicht die optimalen Sequenzen zum Nachweis des Erregers verwendet, beeinflusst
dies das Ergebnis der PCR. Auf den Nachweis von Antikérpern hat dies jedoch keinen
Einfluss. Andersherum hat eine falsche Reaktion auf den Antikorper keinen Einfluss auf den
direkten Erregernachweis (Parija 2013). Somit gibt ein falsches Ergebnis des einen Tests

keinen Hinweis auf das Ergebnis des anderen Tests.

Werden hingegen zum Nachweis derselben Antikorper zwei verschiedene ELISA-Tests
angewendet, nutzen beide Tests dasselbe biologische Prinzip. Kommt es dann bei einem
ELISA aufgrund von Kreuzreaktionen beziechungsweise unspezifischen Reaktionen zu einem
falsch-positiven Resultat, konnen dieselben Reaktionen beim anderen ELISA auftreten
(Virella 2001). Auch eine zu geringe Antikorperkonzentration in der Probe kann beide Tests
beeinflussen. Somit erhdht das falsche Ergebnis des einen Tests die Wahrscheinlichkeit einer
falschen Diagnose des anderen Tests und die Tests sind nicht mehr bedingt unabhingig

voneinander.

Werden diese Tests nun gemeinsam in einer LCA anwendet, stimmen die bedingt abhidngigen
Tests starker miteinander liberein als es ihre Testgiiten rechtfertigen wiirden. Somit berechnet
das latente Klassenmodell anhand der hoheren Ubereinstimmung eine zu hohe Testgiite dieser
beiden Tests und eine zu geringe Testgiite eventueller zusdtzlich betrachteter bedingt
unabhéngiger Tests. Die Ergebnisse wiren verzerrt und die LCA nicht anwendbar (Vacek

1985).

1.3 Statistische Losungsansitze

Es gibt bereits einige Methoden, die keinen Goldstandardtest beziehungsweise keine
Goldstandardpopulation bendtigen und in der Lage sind, bedingte Abhéangigkeiten
diagnostischer Tests zu beriicksichtigen. Diese Methoden basieren auf zwei unterschiedlichen
Zweigen der Statistik: der Bayesschen Statistik und der klassischen, frequentistischen

Statistik.

Die Bayesschen Methoden betrachten die Parameter, also die Pravalenz, die Testgiiten sowie
die bedingten Abhingigkeiten, als Zufallsvariablen. Dabei wird eine A-priori-Verteilung fiir
jeden Parameter festgelegt, die das Vorwissen zur Verteilung des Parameters darstellt. Diese

Verteilungen und die beobachteten Daten werden verwendet, um anhand der Formel von



Bayes die A-Posteriori-Verteilungen fiir die Parameter zu berechnen, aus denen wiederum
Punktschitzer abgelesen werden konnen. Bayessche Modelle benotigen daher zwingend eine

A-priori-Verteilung (Held 2008).

Die frequentistischen Losungsmethoden hingegen berechnen die Parameterwerte
ausschlieBlich basierend auf den vorhandenen Daten, zum Beispiel mittels einer Maximum-
Likelihood-Schitzung. Es werden die Parameterwerte ausgewéhlt, welche die beobachteten
Daten mit maximaler Wahrscheinlichkeit unter dem gegebenen Modell erzeugt haben (Held
2008). Dabei werden die Pravalenz, die Testgiiten und die bedingten Abhéngigkeiten als feste

Werte angesehen, die anhand der beobachteten Daten abgeschétzt werden konnen.

Fiir den Bayesschen Ansatz der bedingt abhingigen latenten Klasseanalyse wurden bereits
verschiedene Modelle entwickelt. Ein Modell betrachtet die Kovarianzen zwischen den Tests
als fixe Effekte; ein zweites Modell beriicksichtigt die Variation der Testparameter als
Zufallseffekte (Dendukuri und Joseph 2001). In einem anderen Ansatz wird eine einfache
Methode fiir die Beriicksichtigung einer Korrelation zweier diagnostischer Tests vorgestellt,
die mindestens zwei Populationen mit unterschiedlichen Privalenzen benétigt (Georgiadis et
al. 2003). Dartiber hinaus wurden drei verschiedene Modelle fiir unterschiedliche Formen der

bedingten Abhédngigkeit beschrieben (Black und Craig 2002).

Als frequentistische Ansdtze der bedingt abhingigen latenten Klasseanalyse wurden ein
latentes Randmodell (Yang und Becker 1997), verschiedene Zufallseffektmodelle (Qu et al.
1996; Albert et al. 2001; Zhang et al. 2012) und ein verallgemeinertes Mischungsmodell (Liu
et al. 2015) entwickelt. Ein weiterer Ansatz verwendet log-lineare und logistische Modelle,

um bedingte Abhéngigkeiten zu untersuchen (Hanson et al. 2000).

Die obigen Losungen frequentistischer Ansdtze sind grundsétzlich in der Lage, bedingte
Abhingigkeiten zu beriicksichtigen, weisen jedoch einige Schwichen auf, welche die
praktische Anwendbarkeit auf die diagnostische Testevaluation erschweren. So bendtigen
zum Beispiel viele dieser Modelle mindestens vier verschiedene diagnostische Tests oder
mindestens zwei unterschiedliche Populationen oder einen zumindest teilweise bekannten

Krankheitsstatus der untersuchten Individuen, um reguldre Losungen zu bestimmen.

Bayesschen Ansdtze kommen dagegen zum Beispiel nur mit einer Population aus, setzen zur
Berechnung der Parameterwerte aber Vorwissen in Form von A-priori-Verteilungen, die den

Grad der Sicherheit dieser Vorinformationen widerspiegeln, voraus.
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Somit stellen sowohl frequentistische als auch Bayessche Verfahren Anforderungen, welche

zu Schwierigkeiten bei der praktischen Anwendbarkeit fithren kdnnen.

1.4 Zielstellung

Das Ziel dieser Arbeit ist es, eine Methode zur Evaluation bedingt abhidngiger diagnostischer
Tests ohne Goldstandard zu entwickeln. Sie sollte ohne umfassendes Vorwissen und ohne
Formulierung einer A-priori-Verteilung anwendbar sein. Zusétzlich besteht das Ziel, eine
Methode zu entwickeln, die fiir die Analyse von Datensdtzen mit mindestens drei Tests
angewendet auf eine einzelne Population geeignet ist. Die Prizision der Schitzung sollte dann

anhand von simulierten und realen Daten bestimmt werden.

1.5 Aufbau der Arbeit

Zunichst wird in Publikation I ein latentes Klassenmodell fiir bedingt abhingige Tests
hergeleitet und der zugehorige frequentistische Algorithmus vorgestellt. Anhand
verschiedener Simulationsszenarien aus dem Bereich der Diagnostik wird der Algorithmus
evaluiert und die Genauigkeit seiner Schiatzungen der klassischen LCA und der Bayesschen
Methode fiir bedingt abhéngige Tests gegeniibergestellt. Der neu entwickelte Ansatz bendtigt
gut gewihlte Startwerte fiir die Parameter, um zu den richtigen Werten zu konvergieren. Unter
der Annahme gleichen Vorwissens fiihrt die neue Methode in den betrachteten Simulations-
szenarien zu besseren Ergebnissen als die klassische LCA. Demgegeniiber schéitzt die
Bayessche Methode die Parameter @hnlich gut ab. Dadurch wird die grundsitzliche
Anwendbarkeit der Methode bestitigt. Die vollstindigen Daten aus Publikation I sind in
Anhang 1 abgebildet.

In Publikation IT wird der iterative, frequentistische Ansatz der latenten Klassenanalyse auf
einen realen Datensatz angewendet. Anhand der Daten von 812 untersuchten Schweinen
werden sechs verschiedene ELISAs evaluiert, die auf das Porzine Reproduktive und
Respiratorische Syndrom (PRRS) testen. Es werden verschiedene Informationsquellen
genutzt, um geeignete Startwerte fiir den Algorithmus zu finden. Diese werden jeweils auf
den gesamten Datensatz sowie eine geimpfte Untergruppe angewendet. Es wird gezeigt, dass
der neu entwickelte Ansatz der latenten Klassenanalyse fiir den gesamten Datensatz zu guten

und {ibereinstimmenden Ergebnissen fiihrt. Bei der geimpften Untergruppe gibt es jedoch



stark abweichende Ergebnisse, was auf eine erschwerte Schétzung bei sehr homogenen
Gruppen schlieen 14sst. Anhand dieses Beispiels wird daher gezeigt, dass die vorgestellte
Methode auf reale Datensdtze mit bedingt abhéngigen Tests anwendbar ist, jedoch noch
genauere Kenntnisse zur untersuchten Population benétigt werden. Die vollstdndigen Daten

aus Publikation II sind in Anhang 2 abgebildet.

In der ibergreifenden Diskussion werden zundchst im Kapitel 3.1 technische Heraus-
forderungen fiir die praktische Anwendung der Methode betrachtet. Die benétigte Stich-
probengroBBe wird abgeschdtzt und die Wahl geeigneter Startwerte fiir den entwickelten
Algorithmus wird diskutiert. AnschlieBend werden Faktoren analysiert, welche die Stabilitét
des Verfahrens sowie die Giite der Schétzung beeinflussen und folglich bei der Anwendung
auf reale Datensédtze zu beriicksichtigen sind. Danach wird die fiir das Modell notwendige
Anzahl der diagnostischen Tests untersucht. AbschlieBend wird auf Schwierigkeiten der in
Publikation I vorgeschlagenen Parametergrenzen zur Verbesserung der Schitzung der
Methode eingegangen, eine alternative Losung vorgestellt und deren Vor- und Nachteile
diskutiert. Kapitel 3.2 beschreibt den Anwendungsbereich der vorgestellten Methode. Dabei
werden die Anforderungen an die verwendeten Tests und die Population dargestellt und
weitere Anwendungsgebiete der neuen Methode auch abseits der (veterindr-)medizinischen
Diagnostik betrachtet. Im Anschluss wird die praktische Anwendbarkeit des Algorithmus
bewertet. In Kapitel 3.3 wird das in dieser Arbeit entwickelte Modell mit dem Bayesschen
latenten Klassenmodell verglichen und ihre jeweiligen moglichen Anwendungsbereiche und
Einschrinkungen gegeniibergestellt. Danach wird in Kapitel 3.4 illustriert inwiefern es
Potenzial gibt, den Algorithmus anzupassen, so dass die Schitzung robuster wird und mehr
Anwendungsfille beriicksichtigt werden konnen. Schlieflich wird in Kapitel 3.5
herausgestellt, welche Erkenntnisse aus dieser Arbeit neben den Ergebnissen der oben
genannten Verdffentlichungen entstanden sind und wie die neu entwickelte Methode in

Zukuntt in der Forschung angewendet werden kann.
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An Iterative, Frequentist Approach
for Latent Class Analysis to Evaluate
Conditionally Dependent Diagnostic
Tests

Clara Schoneberg*, Lothar Kreienbrock and Amely Campe

Department of Biometry, Epidemiology and Information Processing, WHO Collaborating Centre for Research and Training for
Health in the Human-Animal-Environment Interface, University for Vieterinary Medicine Hannover, Hannover, Germany

Latent class analysis is a well-established method in human and veterinary medicine
for evaluating the accuracy of diagnostic tests without a gold standard. An important
assumption of this procedure is the conditional independence of the tests. If tests with
the same biological principle are used, this assumption is no longer met. Therefore, the
model has to be adapted so that the dependencies between the tests can be considered.
Our approach extends the traditional latent class model with a term for the conditional
dependency of the tests. This extension increases the number of parameters to be
estimated and leads to negative degrees of freedom of the model, meaning that not
enough information is contained in the existing data to obtain a unique estimate. As a
result, there is no clear solution. Hence, an iterative algorithm was developed to keep
the number of parameters to be estimated small. Given adequate starting values, our
approach first estimates the conditional dependencies and then regards the resulting
values as fixed to recalculate the test accuracies and the prevalence with the same
method used for independent tests. Subsequently, the new values of the test accuracy
and prevalence are used to recalculate the terms for the conditional dependencies.
These two steps are repeated until the model converges. We simulated five application
scenarios based on diagnostic tests used in veterinary medicine. The results suggest that
our method and the Bayesian approach produce similar precise results. However, while
the presented approach is able to calculate more accurate results than the Bayesian
approach if the test accuracies are initially misjudged, the estimates of the Bayesian
method are more precise when incorrect dependencies are assumed. This finding shows
that our approach is a useful addition to the existing Bayesian methods, while it has the
advantage of allowing simpler and more objective estimations.

Keywords: conditional dependence, sensitivity, specificity, maximum likelihood, veterinary medicine

INTRODUCTION

Information about the occurrence of livestock diseases in an animal population is important
in many applications, such as surveillance and vaccination programs or the verification of the
freedom from the disease. Therefore, the disease status of the individual animals is assessed using
a diagnostic test. However, every test also has a number of incorrect results, which, depending on
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the disease, may have serious economic, social or political
consequences. This result can be avoided by sequentially
examining a subset of the animals with a different test or by
testing all the animals with multiple diagnostic tests from the
outset and thus confirming the diagnosis (1).

The latter was the chosen approach in a field trial to determine
the prevalence of Brucella abortus in cattle in Northern Ireland
in 2003/2004 (2). Each animal was examined with six serological
tests simultaneously, which yielded conflicting results for a large
number of the animals. For example, there were two positive and
four negative test results for one animal. Knowledge of the test
accuracy and therefore the probability of a false diagnosis of the
tests are the basis for assessing the true underlying disease status.
This information is obtained by evaluating the diagnostic tests
used. To assess the sensitivity and specificity, the diagnostic test
is usually compared with a gold standard test or is applied to
animals with known disease status (1).

However, the test accuracy depends on many biological
factors, such as the animal species, race, sex and immune
history. For this reason, the diagnostic test accuracy varies
across populations, and the values obtained in clinical evaluation
studies are only conditionally applicable to the field settings (3).
Therefore, if the exact values of the test accuracy for a set of
diagnostic tests in a field study are of interest and a gold standard
or animals with known disease status are not available, a latent
class model can be used (4).

In this context, latent class analysis (LCA) is based on
the assumption that observed categorical indicators imperfectly
measure an underlying latent structure. By sampling the values
of the categorical variable for a set of observations, the method
is able to discover the latent structure and the error in the
indicators. Applying this principle to the field of diagnostic test
evaluation, the true unknown disease status is measured by
observed diagnostic tests. By analyzing the response pattern of
a set of tests, the prevalence of the disease in the sample and
the diagnostic accuracy of every test used in this model can be
discovered. Hence, the specific test performance under the given
conditions such as the study settings and the structure of the
subpopulation can be estimated.

The Bayesian approach to latent class models of the test
accuracy is widely used in veterinary medicine (5). However,
latent class analyses can also be implemented in a frequentist
framework, and the model parameters can be estimated by
classical inference (6, 7). This method does not require any
prior distribution and therefore allows an easy and objective
estimation of the parameters. A prior distribution can be a
benefit for the estimation if there is much information that can
be incorporated into the model. However, when new or less
established tests are used, there is limited previous knowledge
and it is difficult to determine an informative prior distribution.
The Bayesian model requires also a burn-in phase and is often
more time consuming, since the convergence and therefore the
termination condition are difficult to assess. Consequently, it
seems reasonable to use classic frequentist methods, especially
when the user has little or no prior knowledge of the distributions
due to the biological methods used. Regardless of the chosen
method, the basis for most latent class models is that (i) the
tested individuals can be divided into two or more populations

with different prevalence values; (ii) the tests have the same
sensitivity and specificity in all populations; and (iii) the tests
are conditionally independent (i.e., given the true disease status).
These assumptions are known as the Hui-Walter paradigm
(6). However, in many cases, the assumption of conditional
independence is hard to justify, especially if the tests are based on
the same biological principle, such as the detection of antibodies.
Ignoring the dependency structure among the diagnostic tests
will introduce bias in the estimates so that a positive association
will overestimate the test properties while a negative association
will lead to an underestimation of the test accuracy (8).

Some Bayesian methods allow the consideration of
conditionally dependent tests. A fixed effects model and a
random effects model for data from a single population were
developed in one approach (9), while another study used a
simple method for two diagnostic tests that can be applied
when two or more populations are studied (10). Moreover, three
different models were described for varying forms of conditional
dependence (11).

There are also some frequentist approaches for incorporating
a dependence structure into the latent class analysis. A latent
marginal model (12), different random effect models (13-
15) and a more generalized mixture model (16) have been
proposed. Another approach uses log-linear and logistic models
to investigate conditional dependence (17). However, this model
assumes that the true disease status of each individual is available,
which is not possible in most diagnosis applications.

Although the solutions addressed above are available, we
propose a frequentist method for estimating the prevalence,
diagnostic test accuracy and dependence structure because we
would like to present an easy-to-apply approach even for
situations with no accessible prior information. The solution was
intended to fit even when only three diagnostic tests are available
and the status of each individual is unknown. We present the
model as well as the algorithm and discuss its performance
in different simulated scenarios, which were adopted from
real-world examples in veterinary medicine to examine the
performance of our method under different circumstances. The
non-mathematically inclined reader may skip the following three
subsections describing the statistical model.

MATERIALS AND METHODS
The Latent Class Model

In a latent class model, it is assumed that there is a latent
variable with C classes. The proportion of each class is estimated
by M observed variables. Let the vector Y; = (Yi,..., Yim),
i = 1,...,N represent individual i’s response pattern with the
possible values 0, . .., 1, for observation Yj,,. The probability of
membership in the latent class ¢ can be expressed as y, with
ZCC;OI y. = 1, and the probability of the response r,, to variable
m in class ¢ can be expressed as py,r,,|c. Let I(-) be the indicator
function. Then, the likelihood of parameters y and p for the
observations y is denoted by Formula (a).

N C-1 M Ry o —
Lsplv)=> > v ][] I p,,g’:[””) (a)
i=1 ¢=0 m=1 r,; =0
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In this publication, we discuss the application to the diagnostic
test evaluation for dichotomous diagnoses (i.e., with/affected
vs. without/not affected). Thus, we only allow dichotomous
responses for the observed variables and for two latent classes.
This results in the simplified likelihood, which can be written as
Formula (b).

N 1 M 1 o —
L) =3"3%T] TI /2"=™  ®

i=1 ¢=0 m=1r, =0

It differs from the two-test, two-population scenario originally
proposed by Hui and Walter (6) only in the number of
populations and tests used. However, due to this parameter
changes there are no closed-form maximume-likelihood solutions
for this model and the values are estimated iteratively.

Key assumption of the approach is the conditional
independence (i.e., given the true disease status) of all the
tests (6). Therefore, within a latent class, the result of one test
does not give any indication of the result of the other tests. If
there are diagnostic tests with the same biological principle used
in the analysis, that assumption no longer holds because the
same external factors influence their diagnoses. As ignoring this
underlying dependence structure leads to biased results (8), a
term to describe the dependency must be included when using
tests with the same (biological) testing principle.

Conditional Dependence —The Interaction

Term

If diagnostic tests are independent, the conditional response
probabilities result from the product of the tests’ individual
response probabilities as described in the likelihood (b). It can
be written in the simplified term (c) for three diagnostic tests i, j,
and k.

Pirile Pirile Phorle= P (ristre| ) )

However, if the tests are conditionally dependent on the
underlying disease status, these dependencies must be taken
into account when calculating the conditional item response
probabilities. They are determined within the two latent classes
containing the observations with a positive and a negative disease
status, respectively.

The pairwise dependencies nfj of tests i and j conditional
on the latent class c are estimated by comparing the observed
matching correct response patterns P(c,c|c) with the test
accuracies of the diagnostic tests used. If the observed test
agreement is stronger than expected based on the known test
accuracy, there is a positive dependency between the tests that
cannot be attributed to the underlying disease status alone.
If the test agreement is weaker than expected, there is a
negative dependency. Formula (d) denotes the dependency of
the diagnostic tests conditional on the latent class of the not
affected/diseased animals ¢ = 0, with Sp; and Sp; denoting the
known specificities of tests i and j.

njy=P(0,00) — Sp;Sp;  (d)

The dependency of three tests i,j and k can be estimated
analogously by calculating the difference between their observed
test agreement P (c, , ¢|c) and the expected proportion of correct
observations in class c. However, since the tests are pairwise
dependent on each other, these values must be taken into
account, as they are expected to influence the result. Due
to their dependency, matching test results have an increased
item response probability (i.e., prevalence) compared to the
independent cases whereas the probabilities of the deviating test
results decrease. This means that the pairwise dependencies must
be added to the product of the test accuracies to calculate the
expected test agreement. In addition, a possible dependency of
the pairwise dependent tests on the third test is considered by
multiplying the dependency term by the test accuracy of the third
test. This results in the conditional dependency of three tests in
the latent class of the not affected/diseased animals ¢ = 0 to be
calculated as described in Formula (e).

ng= P(0,0, 0[0) — (SpiSp;Spr-t11Spr+ny Spi+mysSps) ()

The conditional dependencies for the class of the in-/affected
animals ¢ = 1 can be calculated analogously.

Some authors use the terms “dependency” and “correlation”
interchangeably (18, 19). We prefer “dependency” and
therefore use it in this publication because the related term
calculates concordance rather than a traditional correlation of
quantitative variables.

The latent disease status determines the correct diagnosis of an
observation, while other external factors trigger a misdiagnosis.
Thus, only matching incorrect results are of interest to assess the
dependency of the tests. The proportion of incorrect results, i.e.,
the proportion of incorrectly diagnosed animals, is determined
by the accuracy of the test, which causes specific restrictions
for the dependency parameter settings (20). This means, the
higher the accuracies, the greater the agreement due to the correct
diagnosis and the smaller the possible dependency. For example,
if both tests have test accuracies of 100%, then all of their results
match and their conditional dependency is zero. Therefore, the
test accuracy of the examined tests determines the possible range
of the dependencies.

For the dependencies to be comparable, they have to
be detached from the test accuracies. In case of pairwise
dependencies, this is achieved by standardizing Formula

(d) to Formula (f). The three-test dependencies are
standardized analogously.
0
0 ij

®

79—
T /Spi(1 = Spi)/Spi(1 = Spy)

This model is applicable in situations when the results of at least
two diagnostic tests are available (21). However, here, we focus
on the three-test model.

The dependencies of the diagnostic tests are calculated
within both latent classes and remain constant for all possible
combinations of the results of the three tests in the respective
class. Therefore, these values can also be determined by using all
observed response patterns. Only the signs of the dependencies
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have to be adjusted due to matching or differing test results.
Changing these equations results in the functions (g) of the
conditional items response probabilities for the class of non-
infected animals ¢ = 0.

P (0,0,0[0) = Sp1Sp2Sp3+n%ySp3+173Spa+n3:Sp1+n%s3
P(0,0,1]0) = Sp1Sp2 (1 — Sp3) +n3, (1 — Sp3) —ni3Sp2
—Ug3SP1 —77(1)23

P(0,1,0[0) = Sp1 (1 — Sp2) Sps—n,Sps-+ns (1 — Sp2)
—Ug3SP1 —77(1)23

P(0,1,1]0) = Spy (1 — Sp2) (1 — Sps) —nf; (1 — Sp3)
—n33(1 — Sp2)+133Sp1+1)y3 @)
P (1,0,0[0) = (1 — Sp1) Sp2Sp3—n?,Sps—n3Sp:

+195 (1= Sp1) —nYns

P(1,0,1]0) = (1 — Sp1) Spa (1 — Sp3) —n%,(1 — Sp3)+n3Sp2
—n33(1 = Sp1)+111a3

P(1,1,0[0) = (1 — Sp1) (1 — Sp2) Sp3+17,Sp3—nY5(1 — Spa)
—n33(1 = Sp1)+111a3

P(1,1,1]0) = (1 — Sp1) (1 — Sp2) (1 — Sp3) +n%, (1 — Sp3)
+135(1 — Spa)—n35(1 — Sp1)—niys

The item-response probabilities conditional on the latent class of
the affected/diseased animals ¢ = 1 are determined analogously.
The (standardized) dependency (e) indicates the strength
of the interdependence of the tests, ie., the share of their
concordant false diagnoses. To interpret this measure, the size
and direction should be considered. If two tests completely
agree on their incorrect diagnosis (i.e., both tests assign the
incorrect disease status to exactly the same animals), then they
have a (standardized) dependency of 1. If the two tests agree
only at random regarding the incorrect diagnosis of the disease
status, the observed agreement between these tests matches the
expected agreement between two independent tests. Hence, the
(standardized) dependency is zero. The dependency is negative
when there are fewer matching results than expected by chance.
Thus, this measure has an interpretation similar to Cohen’s
Kappa. However, here, negative values play a subordinate role in
the application to diagnostic tests, since similar testing principles
tend to lead to increased agreement in incorrect decisions. It is
very unlikely that two tests with a similar test procedure have
a negative dependency, as this phenomenon would imply that
higher biological similarity leads to a lower level of agreement.

Conditional Dependence —lllustrative

Examples

To obtain a better idea of the magnitude of the conditional
dependency, published studies that contain observations with a
confirmed latent status may be discussed. Although publications
with the information needed are rare and provide a rather
rough indication on the size of the dependencies realized
under the given study conditions, they may yield a valuable
starting value for subsequent analyses. The following examples

set the framework for the magnitude of the dependency in
our simulation.

First, we calculated the standardized dependency from study
data on toxoplasmosis in pigs (10). In that study, the dependency
between a microscopic agglutination test and an ELISA was
0.33 for the positive results and 0.49 for the negative results.
In another investigation, the direct detection of Strongyloides
infection in the stools of Cambodian refugees in Canada was
compared with a serological examination (22). Based on these
data, we calculated dependencies of 0.18 and 0.17 for the positive
and negative observations, respectively.

The Algorithm

In the last subsections it was described how the classical
frequentist latent class analysis can be extended by a term to
describe the conditional dependencies between the diagnostic
tests. Due to the general misspecification of the describing
parameters within the setting of conditional dependency, an
iterative algorithm is proposed. Here, we present a solution for
the use of three diagnostic tests. The basic idea of the algorithm
is to consider alternately the test accuracies and the conditional
dependencies as fixed values. Thus, the method presented here
has the advantage of always resulting in a positive number of
degrees of freedom in each iteration step for three tests in one
population compared to other methods for the estimation of test
accuracies for conditionally dependent tests [e.g., (10, 12, 13, 21)].
The algorithm includes the following steps:

(i) Choose suitable starting values for the test accuracies and
the conditional dependencies between the tests.

(ii) Consider the conditional dependencies as fixed. Execute the
expectation maximization (EM) algorithm to estimate the
best-fit test accuracies for the data. For this step, we followed
the EM algorithm described in a conditional independent
latent class approach (7) and slightly adopted it by replacing
the conditional item response probabilities described in
Formula (b) by the conditionally dependent item response
probabilities (g) in the likelihood function.

(iii) Recalculate the conditional dependency in two substeps:

(1) Use the conditional dependencies and the test
accuracies from the previous step to calculate the latent
class membership probabilities P (r1,72,73|c) of the
observations by using Formula (g). An observation
is assigned to the class for which it has the
highest probability.

(2) With the knowledge of the latent status, determine the
conditional dependency by using Formulas (d, e).

(iv) Start again with step (ii) until the model converges, i.e.,
the log-likelihood of two consecutive models differs by
<0.00001 or the algorithm reaches 1,000 iterations.

We implemented the algorithm in R [version 3.5.0; (23)] by
programming three main functions. The first function calculates
the dependencies for fixed test accuracies and a set of observed
response patterns, the second one determines the test accuracies
and the prevalence for the given dependencies and response
patterns (EM algorithm) and the third one combines the first two
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functions by calling them alternately (see Supplementary File 27
for complete source code).

Simulation Study—General Framework

We tested the applicability of the algorithm for three diagnostic
tests in a single population by conducting a simulation study.
Therefore, we took different combinations of the test accuracies,
prevalence and conditional dependencies into account. These
scenarios allowed an assessment of the performance of the
iterative approach presented in this publication compared with
that of the conditionally independent latent class analysis and
the Bayesian approach for conditionally dependent tests. All the
simulation scenarios are motivated by diagnostic tests used in
veterinary medicine. As a small sample size leads to an increased
margin of error, we simulated 10,000 observations.

We considered the following cases:

(1) Three independent diagnostic tests with high test accuracies in
a population with a moderate prevalence:

Diagnostic tests are conditionally independent if they are based
on different biological principles, for example, if a tumor is
detected using physical examination, medical imaging (e.g.,
sonography) and microscopic examination of a tissue sample.
Scenarios such as this one should not cause any problems in
the conditionally independent latent class analysis and result
in very accurate estimates of that method. Therefore, it should
provide the same results in the new approach presented in
this publication as well as in models assuming conditional
independent diagnostic tests. Hence, this scenario serves as basic
validation for the newly fitted model.

(2) Two highly dependent tests with low test accuracies and a
third test with low dependencies and high test accuracies in
a population with a high prevalence:

This scenario may be the most problematic in the conditionally
independent latent class model: The two dependent tests may
cause many matching results that lead to an overestimation of
their test accuracies and underestimated values in the third test.
This situation applies, for instance, to the diagnosis of infectious
diseases with one antibody test applied to two different sample
types (e.g., serum, feces, milk, etc.) and the often more accurate
direct detection of the pathogen (24). By using the same test
twice, the results are highly interdependent. The third test uses
a different detection method and is therefore independent of the
other results. This scenario may act as validation for the method
proposed here to identify dependency structures in data and
improve the correctness of model estimates.

(3) Two highly dependent tests with low test accuracies and a
third test with low dependencies and high test accuracies in
a population with a low prevalence:

This is generally the same scenario as (2) but with a lower
prevalence, which is common for many diseases. In this
case, only a small proportion of the sample contains positive
responses compared to the other possible response patterns. This
phenomenon makes the estimation of both the prevalence and
sensitivities more ambiguous and therefore more prone to errors.

(4) Three diagnostic tests with moderate test accuracies and
medium dependencies in a population with a high prevalence:

In this scenario, all three tests are conditionally dependent
on each other, resulting in an overestimation of their test
accuracies in the latent class model, which assumes conditional
independence. For instance, three different veterinarians may
perform a physical examination on the same group of animals
with a suspected disease. They all have different qualifications
and therefore different diagnostic sensitivities and specificities.
However, experience in the same work environment with the
same time and budgetary constraints can be the cause of
consistent misdiagnoses (25). This scenario serves as validation
for the method proposed to recognize dependency structures and
calculate more accurate values.

(5) Three diagnostic tests and a population with values for the test
accuracies and the prevalence from a practical example with
estimated values for the dependency structure:

To ensure that the procedure is evaluated under realistic
conditions, this scenario uses the results from a prevalence
study for Brucella abortus in cattle in Northern Ireland (2) that
was mentioned in the introduction. It simulates a population
at risk with a high prevalence. In the study, six different
antibody tests were used from which we selected three for the
simulation: an indirect ELISA, a competitive ELISA and a serum
agglutination test. Since we had no information about the exact
test dependencies of these tests, we based the simulations on
their accuracies and biological principles. The two ELISA tests
have low sensitivities, so they have a high proportion of false
negative results, which may have similar causes in many cases
due to similar biological principles and results in a high level
of dependency in the positive latent class. As both tests have
high specificities, similar detection methods have only a minor
influence on the dependencies of the negative latent class. The
serum agglutination test uses a different approach, but it is also
based on the detection of antibodies; therefore, we assume it is
only slightly dependent on the other tests.

Table 1 shows the parameter settings in the five simulated
scenarios in detail. We considered only positive pairwise
dependencies since negative values are not biologically justifiable.

Simulation Study —Starting Values

We applied nine different sets of starting values (6 well-chosen
and 3 poorly chosen) to each of the five scenarios. As it can
be assumed that prior knowledge of the applied tests, their
dependency structure and the studied population is available, we
considered six different sets of well-chosen “informative” starting
values as follows (see Supplementary Table 1):

(1) The correct values for the test accuracies, the dependency
structure and the prevalence.

(2) The correct values for the test accuracies and the prevalence;
the dependency of the tests is stronger than that simulated.

(3) The correct values for the test accuracies and the prevalence;
the dependency of the tests is weaker than that simulated.
The only exception is scenario 1 (independent tests): As
weakening the dependency of independent tests leads to
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TABLE 1 | Input parameter values for the data simulation of the five scenarios.

Scenario Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5
Prevalence in % 30.00 40.00 3.00 40.00 20.00
Sensitivity Test 1 90.00 90.00 90.00 80.00 72.00
Sensitivity Test 2 85.00 70.00 70.00 66.00 65.00
Sensitivity Test 3 90.00 65.00 65.00 70.00 97.00
Specifity Test 1 95.00 99.00 99.00 95.00 98.00
Specifity Test 2 95.00 80.00 80.00 85.00 99.00
Specifity Test 3 99.00 85.00 85.00 88.00 98.00
n{, (Standardized) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.038 (0.200) 0.129 (0.600)
n{, (Standardized) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.046 (0.250) 0.008 (0.100)
13, (Standardized) 0.000 (0.000) 0.121 (0.600) 0.121 (0.600) 0.087 (0.400) 0.012 (0.150)
1}, (Standardized) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) —0.004 (—0.050) 0.000 (0.000)
17, (Standardized) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.016 (0.200) 0.001 (0.100)
1;5 (Standardized) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.018 (0.250) 0.003 (0.150)
1,5 (Standardized) 0.000 (0.000) 0.086 (0.600) 0.086 (0.600) 0.046 (0.400) 0.001 (0.100)
11705 (Standardized) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) —0.001 (—0.050) 0.000 (0.000)

negative dependencies and negative dependencies are not
biologically justifiable, another set of positive dependencies
is used instead.

(4) The correct values for the dependency structure; the
test accuracies are better than those simulated, and the
prevalence differs from the simulated value.

(5) The correct values for the dependency structure; the
test accuracies are poorer than those simulated, and the
prevalence differs from the simulated value.

(6) The wvalues for the test accuracies, the dependency
structure and the prevalence all differ (slightly) from
the simulated data.

On the other hand, if a new diagnostic test is used, false
assumptions about the underlying dependency structure, the
test accuracy and even the prevalence are possible. Therefore,
we also took three sets of poorly chosen starting values into
consideration, that deviate greatly from the simulated values in
terms of the test accuracy and the dependency structure (see
Supplementary Table 2):

(1) A value of 50% for all the test accuracies and the prevalence;
the tests are assumed to be independent of each other.

(2) Incorrect assumptions about which tests are dependent on
each other, an incorrect ratio of the test accuracies and a
prevalence that differs from the simulated value.

(3) The results from the conditionally independent latent class
analysis for the test accuracies and the prevalence as well as
the incorrect dependencies.

Simulation Study—Parameter Restrictions

In some cases, there are justifiable restrictions for the resulting
parameter values. As an example, negative dependencies between
two diagnostic tests with the same biological testing principle are
very unlikely. Another example for a justifiable restriction is to
set the dependencies of known independent tests fixed to zero.
Since the test accuracies are already limited to the unit interval

by the EM algorithm, further restrictions always depend on the
situation and are therefore difficult to determine.

We examined the effect of parameter restrictions on the
estimations of the iterative approach by repeating the calculations
and adding restriction rules. As all limitations of the resulting
parameter values require knowledge of the population, the
disease and the diagnostic tests used in the study, they depend
on the setting and are not generalizable. Thus, we focused on
the most basic limitations and excluded unrealistic dependencies
[standardized values < —1 or >1; (20)] and allowed only positive
pairwise dependencies. Therefore, we modified the algorithm by
adding an additional query to check whether the dependencies
are within the newly defined limits. If that was not the case,
they were adjusted in the next step. For this analysis, we limited
ourselves to the scenario with the worst results (largest deviations
from the simulated values) since these estimates needed the
most improvement.

Bayesian Estimation

We also calculated the results for the five scenarios (Table 1)
in the Bayesian framework of the presented latent class model
(see Supplementary File 28 for complete source code). For this,
Formula (g) was implemented in the open source software
OpenBUGS. In contrast to the presented iterative method, the
algorithm requires prior information in the form of distribution
functions. We used the package rjags in R (26) to calculate these
priors. The basis for the calculation were the same starting values
as in the iterative approach (Supplementary Tables 1, 2), but we
also took a maximum possible uncertainty in the initial estimate
of £10% into account. OpenBUGS estimated the parameters
using a Gibbs sampler, a special case of the Markov chain Monte
Carlo (MCMC) algorithm (27). We ran the model with 10,000
iterations and a burn-in phase of 1,000 steps and compared the
results with those of the iterative approach.
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RESULTS

The five simulation scenarios consider different possible
applications. Hence, we reflect on their results individually before
we analyze them jointly to investigate possible differences. All
results are shown in detail in Supplementary Tables 3-26.

Scenario 1: Three Independent Tests
(Supplementary Tables 3, 8, 15, 20)

All three latent class analysis approaches were able to estimate
the parameters precisely when independence was initially
assumed (see Supplementary Tables 3, 15). However, under
the assumption of dependent tests with incorrect accuracies
the results deviated up to 4% from the simulated values in
the iterative, frequentist approach. In the Bayesian model,
these deviations increased to up to 7%. Only the first set of
poorly chosen starting values resulted in incorrect estimates
of the prevalence (see Supplementary Table 8) in the iterative,
frequentist approach.

Nevertheless, overall, the results showed that all three
approaches are equally applicable for evaluating independent
diagnostic tests.

Scenario 2: Two Highly Dependent Tests in
a Population With a High Prevalence
(Supplementary Tables 4, 9, 16, 21)

The conditionally independent latent class analysis was not
able to detect the connection between the tests (for none of
the applied starting values) and therefore misjudged their
accuracy by up to 20%. In contrast, the iterative method was
able to determine the simulated parameters with only minor
deviations of at most 8% for all well-chosen starting values (see
Supplementary Table 4). However, the method yielded incorrect
results for the accuracy parameters if the iterative process
started with poorly chosen values (see Supplementary Table 9).
This phenomenon was more prominent the more the ratio
of the test accuracies and the dependencies differed from
the simulated values. The Bayesian approach led to very
similar results (see Supplementary Tables 16, 21). Thus,
the algorithm is able to determine the correct parameter
values, but initial information about the dependencies
and the test accuracies is needed to choose the appropriate
starting values.

Scenario 3: Two Highly Dependent Tests in
a Population With a Low Prevalence
(Supplementary Tables 5, 10, 17, 22)

The low prevalence in this scenario complicated the
estimation. While the conditionally independent latent
class analysis resulted in strongly deviating and unrealistic
values for the outcome (e.g., a sensitivity of 13% for test
1), the iterative approach was mostly able to calculate the
simulated values by using well-fitting starting values. Only
the results for the sensitivity of test 1 posed a problem
in two cases with deviations of more than 50% (see

Supplementary Table 5). The estimations of the specificities
were more accurate.

This scenario resulted in the largest differences from the
simulated values in the iterative approach (see Figure 1);
therefore, we considered it for the modified algorithm with
parameter restrictions.

The Bayesian approach led to better results than the
frequentist method, as the deviations in the values for the
sensitivity of test 1 reached a maximum of 11% for the
well-chosen starting values (see Supplementary Table 17).
In contrast, the divergences of the estimated specificity

and prevalence were approximately the same size
and therefore slightly worse than those from the
frequentist approach. Poorly chosen starting values
resulted in both methods in incorrect values (see

Supplementary Tables 10, 22).

Scenario 4: Three Moderately Dependent
Tests With a High Prevalence
(Supplementary Tables 6, 11, 18, 23)

The estimates of the conditionally independent latent class
analysis deviated by up to 16% from the simulated values while
the iterative method and the Bayesian approach were able to
obtain results that were more precise (maximum deviations of
6 or 12%; see Supplementary Tables 6, 18).

However, there was one exception in the Bayesian approach.
Starting value set 5 (underestimated prevalence and test
accuracy) led to values that deviated up to 20% from
the simulated values. The initial misjudgment of the test
accuracies and the prevalence therefore has a stronger effect
on the Bayesian approach in this scenario than on the
frequentist method.

The results of the poorly chosen starting values differed
considerably from the simulated values in both methods (see
Supplementary Tables 11, 23).

Scenario 5: Brucellosis Example
(Supplementary Tables 7, 12, 19, 24)

While the conditionally independent latent class analysis
overestimated the values by almost 20% in this simulation, all six
sets of well-chosen starting parameters resulted in approximately
correct values for the iterative approach. The deviations in
the estimated sensitivities reached up to 8%, whereas they
were at most 2% for the specificities and the prevalence (see
Supplementary Table 7).

The Bayesian method resulted in similar values for most of
the well-chosen starting values with deviations up to 6% for
the sensitivities and 5% for the specificities and the prevalence
(see Supplementary Table 19). However, the model did not
converge using starting value set 3, and the algorithm aborted
the calculation.

Both the iterative, frequentist approach and the Bayesian
approach resulted in strongly deviating parameter values with the
poorly chosen starting values (see Supplementary Tables 12, 24).
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FIGURE 2 | Differences between the configured input data and model outcomes using the six sets of starting values for the latent class model assuming conditional
independence and by using the iterative model under the conditions of scenario 3 with only positive pairwise dependencies allowed [CLCA, conditionally independent
LCA; SV1, starting values 1 (Sv2-Sv6 are defined analogously); Pr, Prevalence; Se1, Sensitivity of test 1; Sp1, Specificity of test 1 (Se2, Se3, Sp2, and Sp3 are defined
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Parameter Restrictions dependencies were already within the defined boundaries.

(Supplementary Tables 13, 14, 25, 26) For starting value set 5, however, the differences between
The limitation to reasonable positive dependencies had no  the input data and the outcome decreased remarkably (see
effect on the results for most starting values since the resulting ~ Supplementary Table 13 and Figure 2). While it led to the
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TABLE 2 | Maximum deviations of the three compared methods to the simulated
values in the five simulated scenarios with well-chosen starting values displayed
as values in percent.

Independent LCA  Bayesian LCA Iterative LCA

Scenario 1 1.0 6.9 4.4
Scenario 2 20.4 6.9 7.7
Scenario 3 77.0 15.0 86.4
Scenario 4 16.7 18.72 5.9
Scenario 5 19.6 5.9° 8.1
Parameter restriction 77.0 16.1 57.5

1Strongest deviation for the estimated sensitivity of test 1, the other parameters in the
other scenarios had a maximum deviation of about 13%.

2Strongest deviation for the estimations of starting values 5, the parameters in the other
scenarios had a maximum deviation of 11.8%.

3The model did not converge using starting values 3 and the algorithm aborted the
calculation.

strongest deviations in the unrestricted model, the restricted
model was able to reduce the differences to a maximum of
6%. Even the poorly chosen starting values reached partially
better results when the boundaries were considered (see
Supplementary Table 14).

In contrast, the parameter restrictions had very little effect
in the Bayesian model (see Supplementary Tables 25, 26).
Most results did not change at all. Some values, especially
the prevalence estimates, were slightly worse (0.5%) in the
restricted model.

Overall Results

The latent class analysis considering the dependency structure
was able to calculate less biased parameter values than the
classical frequentist latent class analysis for most of the
informative stating values. Both the Bayesian and iterative
methods produced very similar results (see Table2). The
estimated values differed considerably from the simulation
settings if the prevalence of the simulated disease was low or
if the starting values differed substantially from the simulated
data. However, there were differences between the two methods.
While the proposed iterative approach needed relatively accurate
prior knowledge of the dependency structure, it was better able
to deal with a slight-to-moderate initial misjudgment of the
test accuracies and the prevalence than the Bayesian approach.
However, in some rare situations, both methods are prone to
restricted convergence or strongly biased results.

Although the iterative approach yielded varying results for
the different starting value sets, the associated log-likelihood
always had the same value within all five simulation scenarios.
This finding indicates that all results within a scenario, although
they have very different values, represent a local maximum
and are therefore equally likely under the observed responses.
These results were estimated in only a few iteration steps in all
five scenarios (a maximum of 9 iteration steps in scenario 3,
see Supplementary Tables 5, 10). Thus, the convergence of the
iterative approach was not noticeably slower than that of the
conditionally independent latent class model. However, it was
significantly faster than the convergence of the Bayesian method,
for which 11,000 iterations were set.

DISCUSSION

In this publication, we presented an iterative, frequentist latent
class approach for the evaluation of conditionally dependent
diagnostic tests. We compared it to the Bayesian method and
the classical conditionally independent analysis by performing a
simulation study.

If two diagnostic tests with the same biological principle
are used, the same reasons (e.g., cross-reactions, pathogen
concentration) will lead to incorrect diagnoses, which strongly
connect the outcome of these tests (28). Applying the classical
latent class model without consideration of these dependencies
leads to results that differ strongly from the true underlying
parameters. The simulation studies presented in this publication
confirmed this hypothesis.

These differences decrease or are even eliminated by using a
model that considers the conditional dependencies. However, the
accuracy of the estimates from the presented iterative method as
well as the Bayesian approach strongly depends on two factors:
the starting values and the size of the underlying parameters.

Starting values for the test accuracy of the diagnostic tests
used can be obtained from the manufacturer’s evaluation studies
or from previous studies employing these tests. The conditional
dependencies can be estimated by examining the biological
methods of the tests and comparing them to each other. Similar
procedures are more likely to be highly dependent (21). However,
if there is no prior knowledge for the applied tests and no
information on the biological procedures used, it is difficult to
determine the correct starting parameters, and they must be
chosen randomly. Thus, there is no assurance that the selected
parameters are actually correct. However, if good estimates are
available, the presented iterative procedure will be able to find the
right parameters in just a few steps.

The size of the underlying parameters also influences the
quality of the estimates. For scenario 3 with a low prevalence
and a strong dependency, all the compared methods attained
suboptimal performance within the simulation study. This
deteriorated accuracy in populations with low prevalence was
also observed in the Bayesian framework in simulation studies
(29). This finding could cause problems in applications since
there are many diseases with low prevalence in veterinary
medicine [e.g., (30, 31)]. However, there were differences in the
results of the two approaches due to the different estimation
methods. The iterative approach estimated the specificities of the
presented simulation scenarios, especially in the third scenario,
more precisely than the Bayesian method. Due to the higher
values of the specificity, many consistently negative test results
were correctly assigned to the negative latent class in the first
step of the algorithm regardless of the starting values. The
incorrectly assigned positive observations had little influence due
to the low prevalence. Thus, higher test accuracies lead to a
clearer separation of the latent classes and a greater tolerance
toward poorly chosen starting values. Furthermore, the more
the starting values deviated from the given settings, the greater
the deviations in the results were. While the presented iterative
approach fared slightly better with an initial misjudgment of
the test accuracies and the prevalence, the Bayesian method led
to a more accurate convergence when incorrect dependencies
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were initially assumed. Therefore, the best latent class method
for conditionally dependent diagnostic tests depends on the
study population, the tests used and the accuracy of the existing
prior knowledge.

Despite this phenomenon, the log-likelihoods of the different
results within each scenario, the correct and the incorrect ones,
converge to the same value. This finding suggests that the
function has several maxima. Each result found by our method
represents one local maximum and all these maxima are equally
probable with the given dataset. Therefore, this model is not able
to find a unique solution and well-chosen starting values are
needed to ensure convergence to the correct parameter values.
The reason is that the addition of dependency terms increases
the number of parameters to be estimated, while the information
provided by the observed response pattern does not change. The
proposed method takes this property into account by estimating
parameters in a stepwise algorithm that regards the dependency
terms and the test accuracies alternately as fixed. As a result,
there is a positive number of degrees of freedom in each step
of the algorithm, and the identifiability is improved. The model
is applicable to situations in which results from at least two
diagnostic tests are available. However, as the two-test case was
already underidentified without the additional dependency terms
(df = —1) and therefore had no chance for a unique solution
in the proposed iterative approach, we focused our analyses on
the special case of three diagnostic tests. However, the increased
number of tests is not sufficient for a clear result.

The ambiguity of the solutions occurs regardless of the chosen
method, as the addition of dependency terms results in more
parameters to be estimated than information is available in the
data. Therefore, there is no model that takes the dependency
between all tests into account and comes to a unique solution.
This lack of knowledge has to be replaced by accurate prior
information. If the priors are (unknowingly) false, the model is
not always able to find the right solution for some parameter
compositions. This limitation causes uncertainty regarding the
assumptions at the beginning of the analysis; i.e., the results
are not reliable, and not even an iterative calculation is able
to solve this problem. Thus, good prior knowledge is necessary
for accurate estimates, and uninformative priors should not be
used with this method (the Bayesian or the iterative, frequentist
approach). Other researchers have already observed and pointed
out the importance of justified priors in the Bayesian framework
(32, 33). Nevertheless, the Bayesian approach is able to express
the certainty in the prior knowledge in the form of distribution
functions, which may help to reduce the impact of initial
misjudgments but also makes the modeling more complex, while
the iterative, frequentist approach may include more “practical-
use knowledge,” i.e., information on the general biological
framework of the diagnostic method used.

Establishing boundaries for the dependencies improves the
parameter estimates from the iterative approach further if the
dependencies are within a certain interval and the values outside
the interval can be excluded with certainty. These boundaries
can prevent major deviations in the results, as shown in the
second calculation of scenario 3. However, parameter restrictions

should be used with caution. Only unrealistic values for a certain
application should actually be excluded. If that is not the case, a
true underlying parameter value may unknowingly be rejected
as a possible solution, and the algorithm is no longer able to
calculate the correct parameter set. Hence, the restrictions help to
improve parameter estimation but also bear the risk of excluding
the correct results from the start by choosing incorrect limits.
Thus, if one is unsure of which limits to choose, it is better to
completely remove them and carry out the estimation only with
the best possible starting values.

Overall, the fit of the latent class model and the parameter
estimates can be improved by allowing an interaction term. If the
results of three diagnostic tests are available, both the Bayesian
method and the iterative, frequentist approach presented in this
paper are strongly dependent on the prior information due to the
lack of information in the data. If there is insufficient knowledge
about the test accuracies, the prevalence and the dependencies
of the tests, and hence, these values are initially misjudged, both
methods will lead to incorrect results. Extensive prior knowledge
is therefore the basis for the applicability of the latent class
analysis considering of conditional dependencies, both in the
Bayesian and frequentist frameworks.

CONCLUSION

The presented simulation study showed that considering a
possible dependency structure improves the estimation in a
latent class analysis. However, it was unable to clearly determine
which method resulted in more accurate values overall, as
the iterative, frequentist approach and the Bayesian approach
performed differently in the presented scenarios. While both
methods are dependent on prior knowledge in the form of well-
chosen starting values and prior distributions, the simulation
studies carried out in this publication suggest that the iterative,
frequentist method requires previous knowledge that is oriented
more toward practical experience and therefore may be easier
to obtain.

Overall, the simulation studies presented here indicate that
the iterative, frequentist approach is an appropriate method to
evaluate conditionally dependent diagnostic tests.
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Abstract

Latent class analysis is a widely used statistical method for evaluating diagnostic tests with-
out any gold standard. It requires the results of at least two tests applied to the same individ-
uals. Based on the resulting response patterns, the method estimates the test accuracy and
the unknown disease status for all individuals in the sample. An important assumption is the
conditional independence of the tests. If tests with the same biological principle are used,
the assumption is not fulfilled, which may lead to biased results. In a recent publication, we
developed a method that considers the dependencies in the latent class model and esti-
mates all parameters using frequentist methods. Here, we evaluate the practicability of the
method by applying it to the results of six ELISA tests for antibodies against the porcine
reproductive and respiratory syndrome (PRRS) virus in pigs that generally follow the same
biological principle. First, we present different methods of identifying suitable starting values
for the algorithm and apply these to the dataset and a vaccinated subgroup. We present the
calculated values of the test accuracies, the estimated proportion of antibody-positive ani-
mals and the dependency structure for both datasets. Different starting values led to match-
ing results for the entire dataset. For the vaccinated subgroup, the results were more
dependent on the selected starting values. All six ELISA tests are well suited to detect anti-
bodies against PRRS virus, whereas none of the tests had the best values for sensitivity and
specificity simultaneously. The results thus show that the method used is able to determine
the parameter values of conditionally dependent tests with suitable starting values. The
choice of test should be based on the general fit-for-purpose concept and the population
under study.
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Introduction

Porcine reproductive and respiratory syndrome (PRRS) is a disease in pigs caused by the
Betaarterivirus suid (PRRSV). Two genotypes (1 and 2) are generally distinguished. Genotype
1 originated from Europe, and genotype 2 originated from North America; viruses within
genotypes are not antigenically homogenous [1]. Infection is associated with late-term abor-
tion in sows and respiratory disease in weaned and fattening pigs and thus results in significant
economic losses worldwide [2]. Vaccination is frequently practiced to prevent clinical disease;
currently, one genotype 2 and four genotype 1 live attenuated vaccines are commercially avail-
able in Germany.

After the discovery of the viral etiology of PRRS in the early nineties of the last century, an
immune peroxidase monolayer assay (IPMA) was developed to detect antibodies [3]. Viral
propagation in cell culture was extremely difficult. Initially, PRRSV was multiplied in primary
lung alveolar macrophages, and later, the virus adapted to a permanent cell line (MARC145)
[4]. Although the neutralization test is frequently regarded as a reliable gold standard for the
detection of antibodies against viruses, in the case of PRRSV, neutralizing antibodies are devel-
oped only late in the course of infection and are quite specific to viral subtypes within geno-
types [5, 6]. In contrast, IPMA allowed the detection of cross-reactive antibodies directed to
the conserved and abundantly present nucleocapsid antigen. Finally, as IPMA was difficult to
standardize, a patent-protected ELISA was developed and commercialized (see Test 1). Since
then, a huge body of experience has accumulated, and this ELISA has been established in
worldwide laboratories. After the patent expired, additional ELISAs were developed and
required validation. The question for a proper gold standard thus re-emerged. At least for
some authors, it became a matter of course to regard the existing ELISA as a gold standard [7].
However, this view precludes any further improvement of antibody ELISAs; therefore, an
alternative approach is required.

In a voluntary study by the Bavarian Animal Health Service, six of these ELISAs were used
on sows, gilts and piglets from farms in southeast Germany with different vaccination statuses.
The aim of the study was to estimate the accuracy of the tests and to assess the applicability of
the newly developed ELISAs both under in-field conditions.

Generally, diagnostic test evaluation is performed by comparison to a gold standard test
[8]. If there is no gold standard or if it only has suboptimal accuracies, a comparison may lead
to incorrect values [9]. The application of the tests to a mostly small group of animals with a
known disease status leads to results that only apply to the observed population. Therefore,
latent class analysis (LCA) is often used as a method for estimating the diagnostic test accuracy
for individuals with unknown disease status without a gold standard [10].

The LCA assumes that an underlying latent structure exists and that the diagnostic tests
that measure the true unknown disease status of the individuals represent imperfect indicator
variables under investigation. Based on the response patterns of the tests, both the accuracy of
the tests and the proportion of both disease statuses (positive/negative) are discovered by the
model. Hence, the test performance under the given conditions, such as the structure of the
population in terms of age, gender, race, immune status, etc., can be estimated. The parameters
may be estimated using Bayesian [11] or frequentist methods [12, 13].

A requirement of LCA is the conditional independence of the diagnostic tests [14]. This
means that within a latent class, the result of one test does not allow conclusions to be drawn
about the results of the other tests. However, if infectious diseases are considered, this condi-
tion is often not met. Conditionally independent tests use different biological principles (e.g.,
detection of antigen or antibodies), which cannot always be detected at the same time of infec-
tion [15]. Thus, these tests do not measure the same latent status, and applying the LCA leads
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to biased results. Therefore, LCA requires tests with the same biological basis, which means
that they are conditionally dependent. This is the case in the study for the detection of PRRSV.
All tests used assess the presence of antibodies against the virus, i.e., they measure the same
latent status.

There are already some approaches that consider conditional dependencies both in the
Bayesian [16-18] and frequentist [19-24] frameworks. These methods often require some
assumptions, such as a large number of diagnostic tests or accurate prior distributions. We
developed a frequentist latent class approach, which takes the dependencies of the tests into
account, thus no longer requiring the assumption of conditional independence [25]. In addi-
tion, this method is easily applicable in many situations even when little prior information is
accessible. This approach expands the LCA by a term for the dependency and estimates the
parameters alternately in an iterative process until convergence occurs. We showed in simula-
tion studies that this method is better than the classic conditionally independent LCA in many
situations and provides results similar to the Bayesian approach for conditionally dependent
tests; however, in contrast this approach does not need any prior distribution.

In this publication, we show that our iterative, frequentist latent class approach is applicable
to real-world data by evaluating the results of the mentioned voluntary study by the Bavarian
Animal Health Service containing the results of six different ELISA tests against the PRRS
virus for pigs in southern Germany. We present the results of the analysis of the entire dataset
as well as a vaccinated subgroup of animals. Different approaches for the starting values of the
algorithm are considered, and the resulting parameter values are compared.

Material and methods
Sample collection and diagnostics applied

Between 2016 and 2018, the Bavarian Animal Health Service offered voluntary PRRSV
immune control to pig farmers in southeast Germany. Therefore, per farm, blood samples
were collected from ten weaned piglets at 8-12 weeks, six gilts and 18 sows of different parities
(1./2., 3./4. and 5./6. parity). After initial testing (PCR, ELISA Test 1, neutralization tests
against and IFN-recall assay after stimulation of whole blood with a panel of PRRSV-vaccine
virus strains), sera were stored at -20°C. The current vaccination status of the herd was
assessed by a face-to-face questionnaire. Twenty-four farms in 13 districts participated. In
2019, sera were tested for antibodies against the virus by six different ELISA tests from five
manufacturers:

o PRRS X3, Idexx (Test 1)
o pigtyp PRRSV Ab, Indical (Test 2)
ID Screen PRRS indirect, IDVet (Test 3)

o Ingezim PRRS 2.0, Ingenasa (Test 4)
« Ingezim PRRS universal, Ingenasa (Test 5)
o PrioCHECK, ThermoFisher (Test 6).

A single batch was used for each ELISA, and all sera per test were analyzed in one run. The
farms had been immunized in different ways in the past. Fourteen farms received vaccinations
against genotype 1 of the virus, 4 farms received vaccinations against genotype 2 of the virus, 1
farm was vaccinated against both genotypes, and 5 farms did not have any vaccination in the
past. To ensure comparability of the test results, only tests that checked for both genotypes of
the virus were used.
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In this analysis data from 812 pigs were evaluated. Overall, 8 animals with incomplete
results were documented; therefore, they were removed from further analysis. Thus, 804 ani-
mals were included in the statistical evaluation.

The analysis of the dataset determined the test accuracies and the prevalence in a sample
selected from the entire population without specific selection criteria. The sample consisted of
animals with different vaccination statuses: unvaccinated animals and animals vaccinated
against genotype 1, genotype 2 or both genotypes of the virus. Thus, great heterogeneity in the
immune status of the animals is present as a typical sample from pig farms in Germany. To
examine whether this heterogeneity impacts the performance of the method and how the test
accuracy and prevalence change, we applied the methods used to a uniformly vaccinated popu-
lation for an additional analysis. To examine a group as homogeneous as possible with a large
number of cases, we considered the 468 samples on the 14 farms vaccinated against European
genotype 1 of the virus for the second part of the analysis.

The latent class model

The intercomparison of diagnostic tests was performed with the method introduced recently
using a modified latent class model [25]. In a latent class analysis, it is assumed that there is a
latent variable with two classes. When applied to diagnostic tests, these classes (diseased vs. not
diseased) are defined by the observed diagnostic tests, which assume two values (positive/nega-
tive). Each individual tested by all diagnostic tests analyzed in the LCA represents an observa-
tion in the model. Thus, the proportion of the positive class, i.e., the prevalence, and the
response probability of each test in these classes (i.e., the test accuracies) can be determined for
the sample. Our model also considers conditional dependencies between the tests due to simi-
lar test principles by integrating an additional dependency term into the model.

Formally, in the modified model, it is assumed that there is a latent variable with two clas-
ses, which is measured by M observed variables. Observation Y; = (Y;y,.. .,Yip),i=1,..., N
represents individual i’s response pattern with the possible values r,, = 0,1 for observation Y,,,.

The probability of membership in latent class ¢ can be expressed as y,. with Zl v, = 1,and
the probability of the response r,, to variable m in class c can be expressed as p,,, .. Let I(*) be

the indicator function. Then, the likelihood of parameters y and p for the observatlons Y can
be written in the following form:

Lypn) =YY" OVC(Hm AT oo o, ,M), (a)

v [ M
wheren;  isaterm for the influence of the Z ,
- 2\

) conditional two-way to M-way

dependencies of all M tests in class ¢ on the likelihood of the respective observed response pat-
terns as described in [25]. The conditional dependencies are expressed in terms of the condi-
tional covariances between the test results in the two latent classes, respectively. They are
considered as the differences between the observed proportion of matching correct responses
of two to M tests in latent class ¢ and the expected corresponding proportion in class ¢ under
the conditional independence assumption.

All parameter values from Formula (a) are estimated in an iterative algorithm:

1. Appropriate starting values are chosen for the prevalence, test accuracies and dependencies.

2. The dependencies are considered fixed. The test accuracies and the prevalence are newly
estimated by an expectation maximization (EM) algorithm in the same manner as noted in
the conditionally independent LCA (such as in [13]).
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3. Using the test accuracies and the prevalence estimated in the previous step, the expected
frequencies in the case of conditional independence are redetermined. The dependencies
can then be recalculated from the difference to the observed frequencies.

4. The algorithm starts again with step 2 until it converges, i.e., the difference of the log-likeli-
hood of two successive steps falls below a specified limit or the algorithm reaches the maxi-
mum number of 1000 iterations.

Confidence intervals for test accuracies and the prevalence are calculated using the normal
approximation interval for binomial distributions. The model is applicable if the results of at
least three tests, each with two possible answers (diseased / not diseased), are available. The
procedure was implemented in R (version 3.5.0; [26]); see S1 File.

Starting values

In a previous investigation, we showed that the applied iterative frequentist approach of the
LCA needs well-chosen starting values to converge to the true underlying values [25]. There-
fore, we used three sources of information for the parameters required: the manufacturers’
evaluation studies conducted for every commercially available test, previous publications eval-
uating the diagnostic tests used in this study [7, 27-34] and experience from application from
the researchers of the Bavarian Animal Health Service. Additionally, we used the examined
dataset to estimate the prevalence in the sample.

Based on these sources, we proceeded as follows to determine the starting values that can be
found in S1 and S3 Tables (see Fig 1 also):

1. Determine test accuracies based on each available source:
a. Adopt values from the manufacturer’s evaluation studies (indicated as M).

b. Find previous publications (indicated as P) evaluating the diagnostic tests used in this
study (see S5 Table) and calculate a weighted average by considering the studies that
have a similar structure and study population more strongly.

c. Ask researchers (indicated as R) from the associated laboratories (here, the Bavarian
Animal Health Service) for an assessment of the test accuracies based on their experience
in application and the values of the other sources.

2. Estimate the dependencies of the tests in terms of their correlation (as described in [25])
based on each available source, so that these values are standardized and independent of the
test accuracies:

a. Find previous publications evaluating the diagnostic tests used in this study and use their
values for conditional dependency (here, we could not find any previous publications
considering a dependency of the tests, so this source did not provide any information on
the conditional dependency of the tests).

b. Ask researchers (indicated as R) from the associated laboratories (here, the Bavarian
Animal Health Service) for an assessment of the dependencies of the tests used based on
their experience and the biological principles of the tests used.

3. Establish prevalence for the dataset under consideration by estimating the approximate
proportion of positive tests in the dataset, considering the chosen starting values of the test
accuracies from step 1 (here, using the dataset (Table 1) with a slightly higher prevalence, as
all sources in step 1 assume a higher sensitivity than specificity for all six tests).
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Publications

Data set

Fig 1. Step-by-step procedure for determining the starting values when taking various information sources into

account.

Determine test
accuracies

Estimate
standardized
dependencies

Establish prevelance

Combine test accuracies, conditional
dependencies and prevalence to
starting value sets

Adjust dependencies
to test accuracies

https://doi.org/10.1371/journal.pone.0262944.9001

Experience

4. Define starting value datasets: All available information on the test accuracies, the depen-

dencies and the prevalence are combined. Every possible combination forms a starting
value set. The exact number of the resulting sets depends on the amount of prior

Table 1. Observed frequencies of the two results for all six tests used in the latent class analysis of the complete
dataset (percentage rounded to one digit).

Test 1
Test 2
Test 3
Test 4
Test 5
Test 6

Positive tested Animals (in %)

549 (68.3)
518 (64.4)
487 (60.6)
461 (57.3)
578 (71.9)
623 (77.5)

https://doi.org/10.1371/journal.pone.0262944.t001

Negative tested Animals (in %)

255 (31.7)
286 (35.6)
317 (39.4)
343 (42.7)
226 (28.1)
181 (22.5)
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information. At least four different starting values should be applied so that two different
dependency structures and two different test accuracy sets are used to examine the stability
of the results. If there is only one source for the dependencies, independence of the tests
(indicated as I) can also be used as a starting value to test stability of the method.

Here, that means all three starting values for the test accuracies (M, P, R) are combined
with the information for prevalence (step 3) and conditional dependencies (R). In addition,
all three values for the test accuracies are used as starting values with the assumption of con-
ditional independence (I). This leads to six different starting value sets (MI, MR, PI, PR, RI,
RR, see S1 Table).

5. Adjust the standardized values of the dependencies to the selected test accuracies M, P, R
and the prevalence (step 3) so that the conditional dependencies are described in terms of
conditional covariances and any combination of the test results has a positive probability
(see [25]). This leads to deviating values of the conditional covariances depending on the
selected starting values for the test accuracies.

The above-described steps for the starting values 1a and 1c were performed a second time
for the vaccinated subgroup. Since this is a subgroup of the first dataset, we assumed that it has
parameters similar to those of the entire dataset. Therefore, we selected the starting values of
the test accuracies that differ the most from one another to assess the stability of the model. All
starting values for the vaccinated subgroup can be found in S2 Table.

Results

In the following section, we present three main results of the analysis. First, we show the
parameter values calculated by the method for the complete dataset. Second, these values are
considered in context with the selected starting values. Finally, the results are compared with
those of the vaccinated subgroup to obtain an impression of the influence a vaccination has on
the performance of the method proposed and the resulting parameter values. The starting
value sets MI, MR, PI, PR, RI, RR specified in the last chapter are used in the calculation,
where M indicates the information provided by the manufacturer, R denotes the information
on test accuracies and dependencies provided by the researchers, P indicates the values from
previous publications and I represents the assumptions of independent tests.

Overall results and effect of starting values

In general, all calculations agreed that slightly greater than three-quarters (75.3-76.8%) of the
animals in the sample examined were assigned to the positive latent class, i.e., had antibodies
against the virus. Test 6 (PrioCHECK) had the highest estimated sensitivity values, and test 4
(Ingezim PRRS 2.0) had the lowest estimated sensitivity values (see Table 2). The values of the
remaining tests were distributed evenly between these results. Overall, the specificities had
higher values, which were between 95% and 99% for tests 1 to 4. Tests 5 (Ingezim PRRS uni-
versal) and 6 had lower specificities of approximately 88% and 78%, respectively. Test 6 in par-
ticular produced an extended number of false-positive results. Test 1 (PRRS X3) had the
highest values of sensitivity and specificity combined with minimal differences compared with
the other tests considered. These results were consistent with the observed frequencies
(Table 1).

In the negative latent class, tests 1, 2, 3 and 4 had strong pairwise dependencies. Tests 5 and
6 were less dependent on each other and on the other tests. This yields a greater proportion of
the agreeing negative results in the first four tests due to simultaneous incorrect results than in
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Table 2. Estimated values for the prevalence and the test accuracies for the six starting value sets for the complete sample with confidence limits reported in brack-

ets (rounded to one digit).

Parameters estimated

Starting value sets

Set MI Set MR Set PI Set PR Set RI Set RR
Prevalence 75.5 76.7 75.7 76.8 75.3 76.4
in % [72.5,78.4] [73.7, 79.6] [72.7,78,6] [73.9,79.7] | [72.3,78.3] [73.4,79.3]
Sensitivity in %
Test 1 88.9 87.7 88.6 87.6 89.0 87.9
(86.7, 91.0] [85.4, 89.9] (86.5, 90.8] [85.3, 89.8] [86.8,91.2] (85.7,90.2]
Test 2 84.4 83.1 84.2 83.0 84.5 83.4
[81.9, 86.9] [80.5, 85.7] [81.6, 86.7] [80.4, 85.6] [82.0, 87.0] [80.8, 85.9]
Test 3 79.7 78.5 79.5 78.3 79.8 78.7
[76.9, 82.5] [75.6, 81.3] [76.7, 82.3] [75.5, 81.2] [77.1, 82.6] [75.9, 81.5]
Test 4 75.6 74.5 75.4 74.4 75.8 74.8
[72.6,78.6] [71.5,77.5] [72.4,78.4] [71.4,77.4] [72.8,78.7] [71.8,77.8]
Test 5 91.3 90.5 91.1 90.4 91.4 90.7
[89.3,93.2] [88.5,92.5] [89.2,93.1] [88.3,92.4] [89.5,93.4] [88.7,92.7]
Test 6 95.3 95.0 95.1 94.9 95.3 95.1
[93.8,96.7] [93.5,96.5] [93.7, 96.6] [93.4,96.4] [93.9, 96.8] [93.7, 96.6]
Specificity in %
Test 1 94.9 95.4 95.1 95.5 94.8 95.2
[93.4, 96.4] [94.0, 96.9] [93.6, 96.6] [94.1, 97.0] [93.3, 96.4] [93.8, 96.7]
Test 2 96.8 96.9 96.9 96.9 96.8 96.8
[95.6, 98.1] [95.7,98.1] [95.7, 98.1] [95.8, 98.1] [95.6, 98.0] [95.5, 98.0]
Test 3 98.2 98.2 98.3 98.2 98.2 98.1
[97.3,99.1] [97.2,99.1] [97.4,99.2] [97.3,99.1] [97.2,99.1] [97.2,99.0]
Test 4 98.8 99.1 98.9 99.1 98.8 99.0
[98.1, 99.6] [98.4,99.7] [98.1, 99.6] [98.4,99.7] [98.1, 99.6] [98.3,99.7]
Test 5 87.8 89.2 88.0 89.2 87.6 88.9
[85.5,90.0] [87.0,91.3] [85.7,90.2] [87.1,91.4] [85.3, 89.9] [86.8,91.1]
Test 6 77.1 80.0 77.4 80.1 77.0 79.6
[74.2, 80.0] [77.2, 82.7] [74.5, 80.3] [77.4, 82.9] [74.0, 80.0] [76.8, 82.4]

https://doi.org/10.1371/journal.pone.0262944.t1002

the other two tests. All pairwise dependencies of the tests were substantially higher within the
positive latent class. Tests 1, 5 and 6 had the highest dependencies in the positive latent class,
which were almost twice as large as the strongest dependencies in the negative class. Therefore,
the dependency structures in the two classes differ both in the tests with the highest dependen-
cies and in the size of these values.

The calculated dependencies of the tests for all six sets of starting values can be found in S3
Table.

All six starting value sets led to very similar results in the test accuracies and the prevalence
(Table 2). The estimates of prevalence and sensitivity exhibited maximum deviations of 1.5%.
The results for the specificity had an even greater consistency. Only the estimations of the
specificity of test 6 varied by up to 3%. Thus, all six runs of the algorithm yielded consistent
results despite differing starting values in contrast to the first simulation study [25].

Vaccinated subgroup

As the evaluation of diagnostic tests is related to the population under study, we additionally
compared the results with the subgroup of farms that had participated in a vaccination
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programme before our investigation. The results in this vaccinated subgroup were less clear.
Starting value set 1 led to a significantly reduced prevalence and lower values for all specifici-
ties (see Table 3). According to these results, the vaccinated subgroup included 68.7% anti-
body-positive animals. The specificities were between 89.8% for test 4 and 41.5% for test 6. On
the other hand, the sensitivity was (almost) 100% for all six tests.

In contrast, the other three starting value sets led to a significant deviation from the calcu-
lated parameter values of starting value set RI. These results were very similar to one another
(Table 4). In total, 83.4-88.0% of animals were antibody positive, which is approximately 10%
greater than that in the complete dataset, whereas the calculated values of the sensitivities and
specificities were similar to those of the entire dataset. However, noticeable deviations of up to
11.6% were noted between the estimated parameter values of the different starting values.

The dependencies of the tests were similar to those of the entire dataset. Only starting value
set RI led to differing values. Thus, some dependency values were negative, which implies that
one test has an increased probability of a positive result while that probability is reduced for
the other test.

Discussion

In this publication, we applied an iterative, frequentist latent class approach to real-life data of
six conditionally dependent ELISA tests for PRRSV on pig farms with different vaccination
statuses.

Overall results

The analysis produced clear results for the entire dataset. All runs of the algorithm led to
results with a maximum deviation of about three percentage points from the other results for
all parameters under study, although the selected starting values differed strongly. Therefore,
there seems to be only one maximum of the likelihood function, and these results can be con-
sidered reliable.

Table 3. Resulting values for the prevalence and the test accuracies for starting value set RI (test accuracies esti-
mated by researchers with assumption of independent tests) for the complete sample and the vaccinated subgroup
with confidence limits reported in brackets (rounded to one digit).

Starting value sets Complete dataset Vaccinated subgroup
Prevalence in % 75.3 [72.3,78.3] 68.7 [64.6, 72.9]

Sensitivity in %

Test 1 89.0 [86.8, 91.2] 100.0 [99.7, 100.0]
Test 2 84.5 [82.0, 87.0] 98.2 [97.0, 99.4]
Test 3 79.8 [77.1, 82.6] 97.4[95.9, 98.8]
Test 4 75.8 [72.8, 78.7] 95.5 [93.6, 97.3]
Test 5 91.4 [89.5, 93.4] 100.0 [100.0, 0.0]
Test 6 95.3 [93.9, 96.8] 100.0 [100.0, 0.0]
Specificity in %
Test 1 94.8 [93.3, 96.4] 71.0 [66.9, 75.1]
Test 2 96.8 [95.6, 98.0] 80.2 [76.6, 83.8]
Test 3 98.2 [97.2,99.1] 87.9 [85.0, 90.9]
Test 4 98.8 [98.1, 99.6] 89.8 [87.1,92.6]
Test 5 87.6 [85.3, 89.9] 59.4 [55.0, 63.9]
Test 6 77.0 [74.0, 80.0] 41.5 [37.0, 46.0]
https://doi.org/10.1371/journal.pone.0262944.t1003
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Table 4. Resulting values for the prevalence and the test accuracies for the four starting value sets for the part of
the sample that is vaccinated against genotype 1 of PRRSV with confidence limits reported in brackets (rounded

to one digit).
Starting value sets Set MI Set MR Set RI Set RR
Prevalence in % 83.4 [80.0, 86.8] 88.0 [85.0,90.9] | 68.7 [64.6, 72.9] 87.4 [84.4, 90.4]
Sensitivity in %
Test 1 91.8 [89.3, 94.3] 87.9 [85.0,90.9] | 100.0 [99.7, 100.0] 88.4 [85.5,91.3]
Test 2 87.6 [84.6, 90.6] 83.4 [80.0, 86.7] | 98.2 [97.0, 99.4] 83.9 [80.6, 87.2]
Test 3 84.2 [80.9, 87.5] 80.1 [76.5, 83.7] | 97.4 [95.9, 98.8] 80.6 [77.1, 84.2]
Test 4 82.2(78.8, 85.7] 78.1(74.3,81.8] | 95.5 [93.6, 97.3] 78.6 [74.9, 82.3]
Test 5 94.6 [92.5, 96.6] 91.3 [88.8,93.9] | 100.0 [100.0, 0.0] 91.8 [89.3, 94.3]
Test 6 99.0 [98.1, 99.9] 96.9 [95.3, 98.4] | 100.0 [100.0, 0.0] 96.1 [94.3, 97.9]
Specificity in %
Test 1 92.5[90.1, 94.9] 96.3 [94.6, 98.0] | 71.0 [66.9, 75.1] 95.5[93.7, 97 4]
Test 2 96.1 [94.3, 97.8] 96.9 [95.3,98.4] | 80.2 [76.6, 83.8] 97.0 [95.4, 98.5]
Test 3 96.8 [95.2, 98.4] 98.0 [96.7,99.2] | 87.9 [85.0, 90.9] 98.0 [96.7, 99.3]
Test 4 98.8[97.7, 99.8] 99.0 [98.1,99.9] | 89.8 [87.1, 92.6] 98.9 [97.9, 99.8]
Test 5 83.3[79.9, 86.7] 89.3 [86.5,92.1] | 59.4 [55.0, 63.9] 88.7 [85.8,91.5]
Test 6 72.1 [68.1, 76.2] 83.7 [80.3, 87.0] | 41.5 [37.0, 46.0] 74.6 [70.7, 78.5]

https://doi.org/10.1371/journal.pone.0262944.1004

When interpreting the results, the methods of data collection must be considered. The sam-
ples were obtained during a voluntary examination that focused on the immune status after
vaccination. As a result, only farms where the farmers had a high level of interest in the
immune status of their animals and very few unvaccinated farms were included in the study.
Therefore, this dataset is a convenience sample, and the proportion of unvaccinated farms is
less than the proportion of unvaccinated farms in the total population, which is approximately
52% according to information from the Bavarian Animal Health Service. Thus, the calculated
values for the test accuracies and the prevalence might not reflect the total population, as these
values depend on the immune status of the animals examined [35]. However, this study pro-
vided a range of values of all the test accuracies indicating the relationship between the tests,
which can serve as a basis for other investigations on the diagnostic tests used.

Estimation difficulties in the vaccinated subgroup

The results for the analysis of the subset of the farms vaccinated against the EU strains of the
virus were less clear, as the resulting values differed depending on the selected starting value.
In particular, the prevalence and PrioCHECK values varied up to 42%. This finding suggests
that the information on if and to which extent a vaccination was applied in the population
under study is crucial for the evaluation. All four runs of the algorithm provided results that
have the same value of the likelihood function. Therefore, each calculated parameter combina-
tion represents the unknown true parameters with the same probability under the given data-
set. Thus, there is no unique solution, and the composition of the study population and the
biological principles of the tests used must also be considered for interpretation.

Although the results of starting value sets MI, MR and RR had a high level of agreement,
the calculated parameters for starting value set RI deviated from these values. In comparison,
starting value set RI led to a lower prevalence, partially negative dependencies and 100% sensi-
tivities for three of the tests. Perfect tests (i.e., perfect sensitivities) are not to be expected for
the applied ELISA tests. Although a changed sensitivity of the tests used due to the selection of
an equally vaccinated subgroup with less variation in genotype was possible, technical errors
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and an insufficient antibody concentration in the sample were still possible [36]. A reduced
prevalence in a subgroup with more vaccinated animals is also very unlikely. Moreover, nega-
tive conditional dependencies of the tests imply that the probability of deviating results
between two tests is increased compared to independent tests. Due to the same biological prin-
ciple of the tests, this result is not plausible. Thus, the results of starting value sets MI, MR and
RR seem to be more likely to represent the true parameter values. In that case, the proportion
of animals with antibodies was 8-13% greater than that in the entire dataset. Therefore, vacci-
nation against the European strain of the virus seems to have been successful, with a propor-
tion of approximately 83-88% antibody-positive animals.

The reason that these problems exclusively occur in the vaccinated subgroup despite the
same starting values may be the fact that the animals were all vaccinated against the same geno-
type of the virus. This feature causes a stronger homogeneity in the immune status of the ani-
mals and results in a homogenous dataset regarding positive test results in different diagnostic
tests. This subsequently means that the statistical method has fewer deviating response patterns
available for estimation, which increases the variation of the results from different starting val-
ues. As this was not predictable after the initial evaluation studies [25], it is not possible to indi-
cate a percentage threshold of vaccinated individuals above which such problems can occur
based on this study. This underlines the fact that prevaccination information is crucial for the
evaluation.

The high proportion of vaccinated animals in this sample complicated the estimation for
the statistical method used, but incorrect results can be discovered using several carefully
selected starting values. If the results of all starting values agree (as with the entire dataset),
then there is a clear indication that these are the true parameter values. If there are deviating
results (as in the vaccinated subgroup), implausible results can be determined by considering
the test principles used and the population examined. Hence, the method is also applicable in
the case of a vaccinated population.

Effect of starting values

In the vaccinated subgroup differences in the results may appear, due to poorly chosen starting
values. This was previously shown in simulation studies [25]. Therefore, we used starting val-
ues that we considered similar to the true parameter values based on various sources. However,
these values differ only slightly and were in part selected based on subjective evaluations. Since
there was a possibility that these assumptions were wrong, we systematically varied the indi-
vidual parameter groups of the researchers’ assessment (starting values RR) for the entire data
set in a sensitivity analysis to check what effect changed starting values may have on the result
(S6 Table). These analyses showed that deviating starting values lead to different results in
some cases (S7 Table). For example, some changed starting values resulted in a prevalence of
0% or negative dependencies, which does not seem plausible under given circumstances. This
underlines the conclusion made in the previous publication that the choice of starting values is
important.

The assumption of independent tests seems to deviate greatly from the true parameter val-
ues, depending on the chosen initial values of test accuracies. Therefore, independent tests do
not seem to be a good choice for starting values for this dataset. The result of starting value set
RI, which assumed independent tests, deviates strongly from the other biologically more plau-
sible results. Independence of the tests is an obvious and easy-to-implement choice for the
starting values. However, in the case of several ELISA tests with the same biological principle,
it would be a rather inapt assumption. Therefore, analyzing the biological test principles used
combined with experience from application seems to be the more appropriate approach for
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identifying starting values for the dependency, as that led to values that were more similar to
the outcomes. However, starting value set MI, which also assumed independence, did not lead
to implausible results. This result indicates that the selected initial test accuracies also influence
the result. Some starting parameter constellations of test accuracies were closer to the results
and therefore better suited as a starting point for the algorithm. Experience from application
on the test accuracies led to starting values that were similar to the outcome. Previous publica-
tions also provided information on the values of the test accuracies. However, clear differences
exist between the animals examined in the different studies in terms of species, sex and
immune history. The statistical methods used also differed between the various publications.
These factors influence the calculated values for the test accuracies [8, 35], which led to differ-
ent results in the examined studies. These differences made determining the starting values
based on the results of previous publications challenging. However, considering these influ-
ences, we were able to determine well-fitted starting values. The values from the manufactur-
ers’ studies were always greater than the values calculated in this study, which was probably
also due to the different study situations.

Overall, the sources used for the starting values were useful for the application to our statis-
tical method. Some values were closer to the results than others. Given that this difference is
due to the composition of the population examined in this study, this may be different from
other studies on other diseases.

Accuracy and applicability of the tests examined

Overall, the presented method calculated predominantly high accuracies for the diagnostic
tests used in the complete dataset. We determined values of 74.4-95.3% for the sensitivity and
76.9-99.1% for the specificity of the tests. However, none of these tests had the best values for
sensitivity and specificity simultaneously. Thus, the method again shows that there is no gen-
eral gold standard that is applicable for all situations. The optimal test depends on the objective
of the investigation and whether the false-negative or false-positive results are to be minimized.
If the user wants to have a high level of certainty with the positive results and thus reduce the
possibility of false-positive results, then a test with high specificity, such as the Ingezim PRRS
2.0, may represent the optimal test. Conversely, if all positive animals are actually to be identi-
fied as such, a test with maximum sensitivity (e.g., PrioCheck) might be the right choice. The
accuracy of the diagnosis can also be further increased if a sequential test procedure is used

[8]. For example, if false-positive animals are to be excluded with maximum certainty, it may
be helpful to first sample the animals with a test with an overall very high accuracy (e.g., PRRS
X3). All individuals with a positive test are then also sampled with a test with maximum speci-
ficity (e.g., ID Screen PRRS indirect or Ingezim PRRS 2.0), and only observations with two
positive test results are then considered positive. This process minimizes the risk of a false-pos-
itive assessment and therefore an unnecessary intervention. However, the dependency of the
tests must be taken into account when combining them. If two tests have a very high depen-
dency, the same factors lead to incorrect results. A high dependency increases the probability
of matching false results [37].

Conclusion

In this publication, we calculated the test accuracies of six ELISA tests used for the detection of
PRRSV in pigs in southern Germany. Using the examined dataset as an example, we were able
to demonstrate that the applied latent class approach is able to determine the parameter values
of conditionally dependent tests with suitable starting values. Different methods of choosing
starting values were shown.
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None of the tests used had the best sensitivity and specificity simultaneously. Hence, the
detection method must be chosen depending on the general fit-for-purpose concept and the
sample population under study.

Here, the estimation of the parameters in a vaccinated subgroup was less precise, which
suggests the need to take the heterogeneity and homogeneity of the immune status into
account.
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3  Ubergreifende Diskussion

In dieser Arbeit wurde die Methode der LCA weiterentwickelt, um sie auch fiir bedingt
abhingige diagnostische Tests anwenden zu konnen. Das klassische latente Klassenmodell
wird darin um einen Term fiir die bedingten Abhdngigkeiten der Tests erweitert. In einem
Algorithmus werden dann zunédchst geeignete Startwerte fiir alle Parameter festgelegt.
AnschlieBend werden die bedingten Abhéngigkeiten als konstant angesehen und die
Testgliten sowie die Prdvalenz analog zur klassischen LCA in einem Erwartungs-
Maximierungs(EM)-Algorithmus (expectation-maximization algorithm) bestimmt. Mit
diesen Werten konnen dann die bedingten Abhéngigkeiten neu berechnet werden. Diese zwei
Schritte werden abwechselnd wiederholt bis Konvergenz eintritt. In Publikation I konnte
mittels verschiedener Simulationsszenarien die generelle Anwendbarkeit der Methode
gezeigt werden. AnschlieBend wurde sie in Publikation II auf einen Datensatz bestehend aus
den Ergebnissen von sechs ELISA Tests zum Nachweis von Antikdrpern gegen das PRRS-
Virus angewendet, um die praktische Verwendbarkeit fiir reale Datensidtze und das dafiir

ndtige Vorgehen zu demonstrieren.

3.1 Herausforderungen in der Anwendung der Methode

Trotz der in den Publikationen bestétigten grundsitzlichen Anwendbarkeit der vorgestellten
Methode gibt es einige Aspekte, die bei ihrem Einsatz in der Praxis beriicksichtigt werden
miissen, um eine exakte Schitzung der Parameter zu ermdglichen. In diesem Kapitel werden
die verschiedenen Herausforderungen fiir die praktische Anwendung néher beschrieben und

erldutert, wie sie zu bewiltigen sind.

3.1.1  Stichprobengrofie

Zunichst ist eine ausreichend groBe Stichprobe notwendig, um eine moglichst gute Schitzung
der Parameter sicherzustellen. Wird die Stichprobe zu klein gewéhlt, kann es je nach
Datensatz zu einer hoheren Streuung und damit zu deutlichen Abweichungen von den
tatsdchlichen Werten sowie zu fehlender Konvergenz des Algorithmus kommen. Die
benoétigte Anzahl von Beobachtungen hingt von der Anzahl der im Modell verwendeten Tests
ab. Je mehr Tests es gibt, desto mehr mogliche Antwortmuster gibt es. So gibt es bei drei

Tests mit zwei Antwortkategorien 2° = 8 Antwortmuster oder bei sechs Tests bereits 2° = 64
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mogliche Antwortkombinationen, deren Wahrscheinlichkeit im EM-Algorithmus abzuscht-

zen sind, so dass der erforderliche Stichprobenumfang exponentiell wachsen muss.

Es gibt bisher wenige Informationen zur statistischen Genauigkeit beziechungsweise Power
sowie den darauf aufbauenden erforderlichen Stichprobenumfang fiir methodische Anwen-
dungen der LCA. Fiir die vorgestellte Methode wurde keine solche Analyse durchgefiihrt und
auch fiir andere Ansdtze der LCA gibt es keine exakten Angaben zum benétigten Stichproben-

umfang.

Allerdings zeigen empirischen Untersuchungen anderer zu der latenten Transitionsanalyse,
einer longitudinalen Erweiterung der LCA, und zu gemischten Strukturgleichungsmodellen
(structural equation mixture models), dass Stichprobenumfinge von etwa 300-1 000
Beobachtungen erforderlich erscheinen, um stabile Untersuchungsergebnisse zu erhalten
(Collins und Wugalter 1992; Tueller et al. 2011). Eine andere Studie kam zu dem Ergebnis,
dass 500 Beobachtungen eine angemessene Stichprobengrofle darstellen (Finch und Bronk
2011). Dem gegeniiber stehen die Ergebnisse verschiedener Monte-Carlo-Simulationen, die
zu dem Schluss fiithrten, dass bei einer gro8eren Anzahl von Indikatorvariablen, die einen
direkten Einfluss auf die latenten Klassen haben, die Stichprobengréf3e von 500 unterschritten
werden darf. Jedoch sollten in jedem Fall mehr als 70 Beobachtungen zur Verfiigung stehen
(Wurpts und Geiser 2014). Eine weitere Studie schlug einen minimalen Stichprobenumfang
von 300 Beobachtungen vor, wobei dieser von weniger komplexen Modellen unterschritten

werden darf (Nylund-Gibson und Choi 2018).

Diese Angaben stellen oft nur eine grobe Abschétzung dar und weichen deutlich voneinander
ab, da die LCA sehr flexibel in der Zahl der latenten Klassen sowie der Form der Indikator-
variablen und damit der Komplexitit des Modells ist. Die Power hédngt von der Struktur des
Datensatzes sowie des verwendeten Modells ab und ist abhingig vom jeweiligen
Anwendungsfall. Thre Verteilung wird von einer grolen Zahl von Parametern beeinflusst,
deren Zusammensetzung sich je nach Anwendung dndert und deren Werte vor der Analyse
abgeschitzt werden miissen. Damit ist eine theoretische Berechnung der Power sehr
aufwendig und wiirde gegebenenfalls in einer weiteren wissenschaftlichen Untersuchung
resultieren. Eine exakte Analyse zur Genauigkeit kann in Zukunft jedoch hilfreich sein, um
fiir Studien mit dem primdren Ziel der diagnostischen Testevaluation den notwendigen

Stichprobenumfang fiir die LCA festzulegen.
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Die bendtigte StichprobengroBe in dem hier vorstellten Modell diirfte aufgrund der
festgelegten Zahl von latenten Klassen und Antwortkategorien der Indikatorvariablen sowie
der zusitzlich beriicksichtigten bedingten Abhidngigkeiten von der der klassischen LCA
abweichen. Durch die Berilicksichtigung der bedingten Abhéngigkeiten besitzt das
vorgestellte Modell eine hohere Komplexitit, weshalb die in der Literatur empfohlenen

Stichprobenumfiange auch in diesem Fall nicht unterschritten werden sollten.

In Publikation I wurden simulierte Daten verwendet. Fiir jedes Szenario wurden 10 000
Beobachtungen simuliert, was eine ausreichende Power sicherstellen sollte. In Publikation I1
standen dagegen weniger Informationen zur Verfiigung. Da die Daten erst nach Abschluss
der Untersuchung bereitgestellt wurden und die Durchfiihrung der LCA nicht das primire
Ziel war, gab es keine Mdoglichkeit, den Stichprobenumfang zu beeinflussen. Jedoch standen
mit 812 untersuchten Tieren mehr Beobachtungen zur Verfiigung als in der Literatur

gefordert, so dass auch hier eine ausreichende Aussagekraft gewéhrleistet scheint.

3.1.2 Startwerte

Dariiber hinaus zeigen die durchgefiihrten Untersuchungen, dass die Giite der Schitzung bei
bedingt abhingigen latenten Klassenmodellen stark von den gewéhlten Startwerten abhéngt.
Somit ist insofern Vorwissen notwendig, dass die Startwerte in realistischen Szenarien

unterstellt werden sollten.

In Publikation II wurden verschiedene Wege gezeigt, diese benétigten Informationen zu
erlangen: vorherige Publikationen, die die Tests evaluieren (vgl. Tabelle S5 in Anhang 2),
Herstellerangaben und praktische Erfahrung der Anwender im Labor. Die Qualitdt der
Informationsquellen hingt jedoch davon ab, wie etabliert die Tests bereits sind. Wird ein
neuer Test verwendet, stehen lediglich die Ergebnisse von den Evaluationsstudien des
Herstellers als Werte fiir die Testgiiten zur Verfligung. Diese Angaben konnen deutlich von
den tatsdchlichen Werten abweichen, da die Hersteller nicht alle praktischen
Anwendungsszenarien bei der Testentwicklung abbilden konnen. Dies konnte auch in der

Studie gezeigt werden (vgl. Tabellen S3 und S4 in Anhang 2).

Fir Vorinformationen zu den bedingten Abhidngigkeiten muss ebenfalls entweder auf
vorherige Publikationen zuriickgegriffen werden, die die betrachteten Tests evaluieren und
bedingte Abhéngigkeiten zwischen diesen annehmen oder es muss das verwendete

diagnostische Testprinzip in Kombination mit der Erfahrung aus der Praxis evaluiert werden.
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Oft werden in Publikationen zur Testevaluation jedoch keine Abhingigkeiten zwischen den
Tests beriicksichtigt, wie im Fall von PRRS (Sipos et al. 2009; Sattler et al. 2014; Karniychuk
und Nauwynck 2014; Sattler et al. 2015, 2016; Biernacka et al. 2018; Henao-Diaz et al. 2019),
oder es gibt noch keine Publikationen zu neuen Tests. Gibt es also nur sehr wenige
Vorinformationen, konnen die Startwerte stattdessen unter Beriicksichtigung des
verwendeten biologischen Testprinzips in Riicksprache mit den Anwendern aus dem Labor

ausgewdhlt werden.

Um die resultierenden Werte zu bestitigen und die Stabilitdt des Verfahrens zu priifen,
konnen so mehrere realistische Startwertkombinationen ausgewdéhlt und der Algorithmus
angewendet werden. Konvergieren alle Startwerte zu denselben Parameterwerten, ist dies ein
deutlicher Hinweis, dass dies die tatsdchlich zugrundeliegenden Werte der Tests und der
Population sind. Abweichende Werte sprechen fiir eine geringe Stabilitit des Verfahrens fiir
den untersuchten Datensatz: Die resultierenden Werte miissen inhaltlich in Bezug auf die

Population und Tests interpretiert werden.

Durch die starke Abhéngigkeit von den Vorinformationen ist es sowohl fiir die vorgestellte
Methode als auch fiir alternative Ansétze der LCA wichtig, dass ausreichend Informationen
zu den verwendeten Tests verfligbar sind. Eine wichtige Informationsquelle sind die
Ergebnisse der Evaluationsstudien der Testhersteller oder der Labore. Diese sind jedoch oft
nur schwer oder gar nicht zugénglich, was hier die Festlegung der Startwerte erschwert. Ein
einfacherer Zugang zu diesen Informationen kann sowohl die Leistung der vorgestellten
Methode verbessern als auch Informationen zur Qualitit der Tests in verschiedenen
Anwendungssituationen liefern. So wird die Moglichkeit geschaffen, geeignete diagnostische

Tests fiir verschiedene Anwendungssituationen zu finden.

3.1.3 Anzahl der verwendeten Tests

Eine weitere notwendige Voraussetzung der Methode besteht darin, dass die Ergebnisse von
mindestens drei Tests vorliegen miissen. Wihrend zwei Tests zu wenig Informationen liefern,
um die diagnostischen Testgliten und die Pravalenz im EM-Algorithmus eindeutig bestimmen
zu konnen, kann mit mindestens drei Tests eine positive Anzahl an Freiheitsgraden fiir die
Anwendung des Algorithmus erreicht und die Parameter so eindeutig bestimmt werden
(Collins und Lanza 2009). Dies ist eine grundsétzliche Voraussetzung von allen latenten

Klassenmodellen und muss bei der Studienplanung beachtet werden.
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Jedoch kann es trotz Beriicksichtigung dieser Voraussetzung zu Situationen kommen, in
denen die entwickelte Methode nicht anwendbar ist. Beispielsweise wurde eine Studie zum
Nachweis von Coxiella (C.) burnetii in Schatherden in Deutschland durchgefiihrt, um die
Pravalenz des Erregers in den Herden und die Giite der verwendeten Tests zu bestimmen. In
der Studie wurden insgesamt 3 367 Schafe und Ziegen aus 71 Betrieben in Deutschland mit
drei diagnostischen Tests auf C. burnetii untersucht (Wolf et al. 2020), wodurch alle
notwendigen Voraussetzungen fiir die Anwendung der vorstellten LCA erfiillt waren. Im
praktischen Anwendungsfall flihrte einer der Tests zu ausschlie8lich negativen Ergebnissen
fiir die gesamte Stichprobe. Offensichtlich gab es einen Fehler bei diesem neu entwickelten
Test, so dass er keine zusétzlichen Informationen zum latenten Status der Tiere lieferte. Damit
standen de facto nur noch die Ergebnisse von zwei diagnostischen Tests zur Verfiigung. In
diesem Fall ist der EM-Algorithmus aufgrund der negativen Zahl von Freiheitsgraden nicht

in der Lage, eindeutige Ergebnisse zu bestimmen, wodurch die Methode instabil wird.

Die vorgestellte Methode besitzt jedoch grundsitzlich keine Einschrinkung in der maximal
zu verwendenden Zahl von Tests. Deshalb wurde sie in Publikation II auf die Ergebnisse von
sechs ELISAs zum Nachweis von Antikorpern gegen PRRS angewendet, um die
Anwendbarkeit der Methode auf reale Daten zu priifen. Haufig wird zwar der PRRS X3
ELISA des Herstellers Idexx als Goldstandardtest fiir den Nachweis von Antikorpern gegen
das zugrundeliegende Virus angegeben (Chen et al. 2013; Cong et al. 2013), jedoch wurde in
verschiedenen Studien bereits eine suboptimale Testgiite dieses Tests bestimmt (Karniychuk
und Nauwynck 2014; Sattler et al. 2016; Biernacka et al. 2018). Damit ist dies der ideale
Anwendungsfall der Methode, da mit sechs ELISAs eine ausreichende Anzahl von Tests
vorhanden ist, wegen des gleichen Testprinzips eine hohe Abhingigkeit vorliegt und es
keinen optimalen Goldstandardtest fiir den Nachweis von Antikorpern gegen PRRS gibt. Die
entwickelte Methode war in der Lage, alle Testgiiten und die Prévalenz fiir die untersuchte

Stichprobe zu bestimmen.

Somit bendtigt die vorgestellte Methode die gleiche minimale Menge von Daten wie die
klassische LCA und ist fiir die Anwendung auch auf eine groBere Zahl diagnostischer Tests

geeignet.
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3.1.4  Stabilitit der Schitzung

Die Stabilitit des Verfahrens und die Giite der Schiatzung hingen von verschiedenen Faktoren
ab. Die Anzahl der verwendeten Tests beeinflusst die Komplexitit des Modells. Grundsétz-
lich gibt es zwar, wie in Kapitel 3.1.3 beschrieben, keine Einschrankungen in der maximalen
Zahl von Tests im Modell. Jedoch gilt auch, dass je mehr Tests verwendet werden, desto mehr
Daten sind vorhanden und desto mehr Parameter miissen geschitzt werden. Formel (a) gibt
an, wie viele Parameter in Abhédngigkeit der Anzahl der verwendeten Tests n im Modell

geschitzt werden.

(a)

P=1+2n+zzn:(:,l)
i=2

Dagegen gibt es 2™ mogliche Antwortkombinationen, die beobachtet werden kdnnen. Damit
wichst die Zahl der zu schidtzenden Parameter mit steigender Anzahl verwendeter Tests
stiarker als die Zahl der verwendeten Daten. Auch kann es deutlich schwieriger sein, die
Startwerte fiir die Abhdngigkeiten mehrerer Tests zu bestimmen. Wéhrend paarweise
Abhingigkeiten noch sehr praxisnah zu verstehen sind, stellen Abhdngigkeiten hoherer
Ordnung eine groBere Herausforderung dar. Somit kann es bei einer groBeren Anzahl von

verwendeten Tests zu hoheren Unsicherheiten kommen.

Auch das Verhiltnis der positiven zu den negativen Beobachtungen kann die Giite der
Schitzung beeinflussen, wie die Simulationsstudien in Publikation I zeigen. Bei einem sehr
unausgeglichenen Verhéltnis der latenten Klassen zueinander (3% Prédvalenz) gab es in der
Simulation schon bei leicht abweichenden Startwerten grole Abweichungen der Ergebnisse
(vgl. Tabellen S3 und S8 in Anhang 1). Ein dhnliches Verhalten wurde auch bei anderen
Modellen der LCA beobachtet (McAloon et al. 2019). Der Grund dafiir ist der stirkere
Einfluss der Abweichungen bei geringer Pravalenz. Wird die Privalenz zum Beispiel um 1%
iiberschétzt, hat dies bei einem ausgeglichenen Verhéltnis der latenten Klassen zueinander
kaum Auswirkungen. Bei einer Prédvalenz von 3% entspricht dies aber bereits einer
Abweichung von einem Drittel der Beobachtungen. So fiihrt ein unausgeglichenes Verhiltnis
der latenten Klassen besonders in der kleineren Klasse zu starken Abweichungen der
Parameterwerte, wihrend es kaum einen Effekt in der anderen latenten Klasse gibt. Dies stellt
ein Problem dar, da viele Infektionskrankheiten nur mit einer geringen Prévalenz einhergehen
(zum Beispiel (Coulibaly und Yameogo 2000; Berger-Schoch et al. 2011; Nielsen und Toft
2009)).
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In Publikation II wurde zunéchst eine Population von Schweinen mit unterschiedlichen
Immunstatus untersucht. Dabei fithrten alle Startwerte, die zum Teil sehr unterschiedlich
waren, zum gleichen Ergebnis (Tabelle S3 in Anhang 2). Bei der Analyse einer Untergruppe
dieser Daten, welche ausschlieBlich geimpfte Tiere enthielt, ergaben sich stark abweichende
Ergebnisse bei verschiedenen Startwerten (Tabelle S4 in Anhang 2). Ein Grund fiir die
geringere Stabilitit des Verfahrens kann der erhohte Anteil positiver Tiere in der geimpften
Gruppe und damit ein starkeres Ungleichgewicht der zwei latenten Klassen sein. Eine andere
mogliche Ursache kann die grolere Homogenitdt der Untergruppe im Vergleich zum
gesamten Datensatz darstellen. Alle Tiere in der untersuchten Untergruppe waren gegen den
europdischen Genotyp 1 des Virus geimpft, wihrend im gesamten Datensatz Tiere enthalten
waren, die gegen den europdischen Genotyp, den amerikanischen Genotyp 2 oder gegen beide
Genotypen geimpft waren. Ebenso waren Tiere enthalten, die keine Impfung erhalten hatten.
Somit gab es in der Untergruppe homogenere Immunstatus der Tiere, wodurch einige
Antwortmuster anteilig hdufiger beobachtet wurden, andere Antwortkombinationen, die im
gesamten Datensatz vorhanden waren, hingegen gar nicht mehr. Dies kann die Konvergenz
des Algorithmus zu den richtigen Parameterwerten erschweren, da weniger Daten zur
Verfiigung stehen. Mithilfe zusitzlicher Simulationsdatenséitze kann dieses Verhalten
ausfiihrlicher untersucht werden. Beispielsweise ist noch nicht bekannt, ab welchem Anteil
ibereinstimmend geimpfter Tiere diese Schwierigkeiten auftreten konnen. Bei der
Anwendung des Modells auf einen Datensatz mit teilweise oder komplett geimpften Tieren,

sollte dies jedoch beriicksichtigt werden.

Es gibt also viele Faktoren, die das Verfahren beeinflussen, zum Beispiel die verwendeten
Startwerte, die Anzahl der betrachteten Tests oder der Immunstatus der untersuchten
Population. Einige Punkte davon sind bereits aus anderen Ansidtzen bekannt, welche die
bedingten Abhidngigkeiten zwischen den Tests beriicksichtigen, andere sind noch nicht
untersucht worden und benétigen tiefergehende Analysen. Daher ist es wichtig, vor der
Auswabhl der Tests und der Durchfiihrung der Analyse diese Punkte zu berticksichtigen, um

mogliche Schwierigkeiten erkennen zu konnen.

3.1.5 Parameterschranken

Die in dieser Arbeit vorgestellte Methode ist, wie in Kapitel 3.1.2 diskutiert, von den
gewihlten Startwerten abhidngig. Falsche Annahmen zu den diagnostischen Testgliten und

den Abhidngigkeiten konnen dazu fiihren, dass der Algorithmus stark von den wahren
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Parametern abweichende Werte ermittelt. Dies kann in den Situationen, in denen wenig
Informationen zu den verwendeten Tests vorhanden sind, ein Problem darstellen und die

praktische Nutzbarkeit der Methode erheblich einschranken.

Eine Losung fiir diese Problematik wird in Publikation I in Form von Parametergrenzen
vorgestellt. Uberschreitet ein Parameter die fiir ihn festgelegte Schranke, wird er im nichsten
Iterationsschritt automatisch korrigiert. Zusitzlich zu den exakt gewdhlten Startwerten
konnen so Intervalle fiir die Parameter festgelegt werden, die dem Anwender realistisch
erscheinen. Zum Beispiel konnen die Abhédngigkeiten der Tests auf positive Werte
eingegrenzt oder eine untere Abschétzung der diagnostischen Testgiiten getroffen werden.
Die Simulationsstudien zeigen, dass diese Grenzen eine Konvergenz zu stark von den wahren

Parametern abweichenden Werten verhindern konnen.

Die Hinzunahme dieser Grenzen hat den Vorteil, dass keine exakten Angaben zu den Werten
gemacht werden miissen, die Konvergenz zu stark abweichenden Werten aber dennoch
verhindert wird. Jedoch wird auch dafiir Vorwissen zu den Tests und der untersuchten
Population benétigt. Ohne jegliches Vorwissen sind die Grenzen nicht anwendbar. In einem
solchen Fall konnen auch keine angemessenen Startwerte gewédhlt werden, was die

Anwendung einer bedingt abhidngigen LCA erschwert.

Ein weiteres Problem in diesem Zusammenhang konnen falsche Vorinformationen darstellen.
Werden andere Studien mit abweichenden Studienpopulationen und anderen statistischen
Auswertungsmethoden flir die Abschitzung der Startwerte verwendet, konnen die
resultierenden Werte stark von den wahren Parametern in der untersuchten Stichprobe
abweichen (Gardner et al. 2019). Werden diese Informationen als Grundlage fiir die
Parameterschranken verwendet, ist es moglich, dass die tatsdchlichen Parameterwerte
ausgeschlossen werden. Dann kann der Algorithmus diese Werte nicht mehr erreichen und
konvergiert zu falschen Parametern oder gegebenenfalls gar nicht. Dieses Risiko kann durch

ein sehr breit gewihltes Intervall moglicher Werte reduziert werden.

Andererseits gilt, je breiter das Intervall moglicher Werte gewéhlt wird, desto mehr Werte
werden eingeschlossen und desto geringer ist der Effekt dieser Grenzen. So zeigen die
Simulationsstudien in Publikation I, dass sehr breit gewéhlte Parametergrenzen nur bei sehr
stark von den tatsdchlichen Werten abweichenden Ergebnissen einen Effekt haben. Deshalb
muss bei dieser Art der Parameterbeschrinkung ein Kompromiss zwischen zu starken

Einschriankungen einerseits und zu geringen Einschrdnkungen andererseits gefunden werden.
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Alternativ kann auch eine andere Art der Parameterbeschrinkung gewdhlt werden. Statt einer
starr gewdhlten Grenze, welche die Gefahr des Ausschlusses der echten Werte beinhaltet,
kann eine Straffunktion dem Modell hinzugefiigt werden. Die Parametergrenzen werden

dabei als Randbedingungen festgelegt und mit einem Strafparameter gewichtet.

Im vorgestellten Modell wird angenommen, dass es eine latente Variable mit zwei Klassen
gibt, die durch M beobachtete Variablen gemessen wird. Die Beobachtungen Y; =
(Yi1, ..., Yiy), i = 1, ..., N reprisentieren das individuelle Antwortmuster fiir die Beobachtung
Y, mit den moglichen Werten 7,, = 0,1. Die Wahrscheinlichkeit der Zugehorigkeit zur
latenten Klasse ¢ kann ausgedriickt werden als y.  mit Y1 ,7.=1, und die
Wahrscheinlichkeit der Antwort 1;,, auf die Variable m in Klasse ¢ kann formuliert werden als
Pm,rmlc- S€1 1(+) die Indikatorfunktion. Dann kann die Likelihood-Funktion der Parameter y

und p fiir die Beobachtungen Y in der Form (b) geschrieben werden.

L(ypm—zz 1_[]_[ P ™ T

i=1c= m=1r,;;=0

(b)

Dabei ist ¢

M ein Term fiir den Einfluss der insgesamt Y./, (I\L/I) bedingten Abhingig-
keiten aller M Tests in Klasse ¢ auf die Likelihood-Funktion des jeweiligen beobachteten
Antwortmusters. Die bedingten Abhingigkeiten werden als bedingte Kovarianzen zwischen
den Testergebnissen in den zwei latenten Klassen formuliert. Sie werden jeweils als Differenz
zwischen dem beobachteten Anteil libereinstimmender richtiger Antworten der Tests in
latenter Klasse ¢ und dem erwarteten entsprechenden Anteil in Klasse ¢ unter der Annahme

der bedingten Unabhingigkeit berechnet.

Die Straffunktion P( p) kann dann abhingig von den gewiinschten Einschrankungen fiir
einen oder mehrere Parameter innerhalb einer latenten Klasse festgelegt werden, so dass die

neue Likelihood-Funktion die Form (c) besitzt.

N 1 M 1 (c)
i=1c=0 m=1r,,=0

Wird zum Beispiel angenommen, dass die Wahrscheinlichkeit einer positiven Antwort des

Tests 1 in der positiven latenten Klasse, also die Sensitivitdt von Test 1, kleiner als 90% ist,

dann hat die Straffunktion P die Form P(p;,1; ) = max(0, py,1;;— 0,9).Werte groBer 90%
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fiihren damit zu einem positiven Wert der Straffunktion, so dass der Wert der Likelihood-

Funktion reduziert wird und das Maximum der Funktion sich dndert.

Soll die Bestrafung des Uberschreitens der festgelegten Grenzen stirker ausfallen, dann kann
die Funktion zum Beispiel mit P(p1,1|1 ) = maX(O, P11~ 0,9)2 zu einer quadratischen

Verlustfunktion umgewandelt werden.

Diese Art der Parameterbeschrankung hat gegeniiber festen Grenzen den Vorteil, dass Werte
auBBerhalb des festgelegten Bereichs nicht grundsdtzlich als mogliche Ergebnisse
ausgeschlossen werden. Liegt der tatsdchliche Parameter nur geringfiligig aullerhalb des
definierten Werteintervalls, ist der Algorithmus mit den festen Grenzen nicht mehr in der
Lage, zu diesem Wert zu konvergieren. Wird stattdessen die Straffunktion angewendet,
deuten die Beobachtungen weiter auf den tatsdchlichen Parameter hin und der Algorithmus
ist in der Lage, zu diesem Wert zu konvergieren. Ein weiterer Vorteil der Straffunktion ist die
Beriicksichtigung der Stirke der Abweichung vom zu Beginn definierten Wertebereich.
Leichte Abweichungen haben nur einen geringen Einfluss auf die Likelihood-Funktion,
wihrend stirkere Abweichungen einen groferen Einfluss haben. So wird die Wahrscheinlich-
keit mehrerer lokaler Maxima der Likelihood-Funktion und damit nicht eindeutiger

Losungen, wie in Publikation I beschrieben, reduziert.

Diese Methode der Parametereinschrinkung hat jedoch auch einige Schwéchen. Zunichst
miissen Wertebereiche fiir die Parameter mit hoher Sicherheit bekannt sein. Abhédngig von
der Art des Vorwissens und der Menge an Parametern, zu denen es Vorwissen gibt, werden
diese der Likelihood-Funktion hinzugefiigt. Dies wiederum erhoht die Komplexitit des
Modells und die Menge der Informationen, die der Anwender zu Beginn der Berechnung
bereitzustellen hat, was der einfachen Anwendbarkeit als definiertem Ziel der Methode

entgegensteht.

Trotzdem kann die Parameterbeschrdnkung in einzelnen Fillen bei sehr speziellen
Vorinformationen hilfreich sein. Jedoch sollte sie nur als zusitzliche Moglichkeit fiir eine
prézisere Schiatzung betrachtet werden und der Schwerpunkt sollte immer auf den Startwerten
liegen. Denn gut gewdéhlte Startwerte fithren zu einer Konvergenz gegen die tatsdchlichen

Parameterwerte ohne Parameterschranken, wie die Publikationen I und II gezeigt haben.
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3.2 Anwendungsbereich der Methode

Werden die im letzten Kapitel beschriebenen Aspekte bei der Anwendung der neu
entwickelten Methode der LCA beriicksichtigt, kann sie in einem weiten Gebiet praktisch
angewendet werden. In diesem Kapitel wird der Anwendungsbereich der Methode néher
beschrieben, auf mogliche Einschrankungen der Anwendbarkeit eingegangen und die

Praktikabilitdt des entwickelten Algorithmus bewertet.

3.2.1 Anwendungsbereich in der medizinischen diagnostischen Testevaluation

Die vorgestellte iterative, frequentistische LCA wurde entwickelt, um bedingt abhéngige
diagnostische Tests ohne Goldstandard zu evaluieren. Durch den Verzicht auf einen
Goldstandard hat die Methode einen sehr grofen Anwendungsbereich. Wéihrend viele
Goldstandardmethoden zeitintensiv oder invasiv unter Laborbedingungen durchgefiihrt
werden (zum Beispiel mehrwochige kulturelle Anzucht des Erregers oder Autopsie des
Wirtes), kann die Fahigkeit der Tests mit der vorgestellten Methode unter realen Bedingungen
und mit einer groBeren Stichprobe im Feld untersucht werden. Einfliisse der Population
werden so direkt abgebildet und es wird eine realistischere Einschitzung der praktischen

Anwendbarkeit der Tests getroffen.

In dem vorgestellten Modell wird angenommen, dass jeder untersuchte diagnostische Test
prinzipiell eine bindre Einteilung der Proben vornimmt und somit jeder Probe stets ein
negatives oder positives Ergebnis zuzuordnen ist. Dies kann generell fiir jeden diagnostischen
Test angenommen werden, auch wenn zunichst mehr als zwei Kategorien angenommen
werden oder auch (semi-)quantitative diagnostische Testergebnisse ermittelt werden. Die
Methode teilt die Beobachtungen einer Stichprobe abhidngig vom Antwortmuster der
verwendeten Tests in eine positive und eine negative Klasse ein und bestimmt entsprechend
die Privalenz. Anhand der abweichenden Testergebnisse werden dann die Sensitivitdten und

Spezifititen der Tests berechnet.

Die vorgestellte Methode basiert auf der in Collins und Lanza (2009) beschriebenen
klassischen LCA fiir bedingt unabhingige diagnostische Tests, zu der ein Term fiir die
bedingten Abhidngigkeiten hinzugefiigt wurde. Werden bedingt unabhingige Tests
ausgewertet, konnen diese Abhédngigkeitsterme auf null gesetzt und die Parameter dann mit
diesen Werten berechnet werden. Die Ergebnisse der Simulationsstudien in Publikation I

zeigen, dass die Methode auch in diesem Fall in der Lage ist, die wahren Parameterwerte zu
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bestimmen. Folglich kann die Methode fiir alle diagnostischen Tests, unabhidngig von der
Stiarke ihrer Abhédngigkeit, verwendet werden. Dabei werden alle Diagnostikverfahren, die
einem Individuum oder einer Probe einen eindeutigen und {ibereinstimmenden positiven oder
negativen Status zuordnen, als diagnostische Tests betrachtet. Beispielsweise kann auch die
diagnostische Giite von korperlichen Untersuchungen analysiert werden, ebenso wie die

Fahigkeit Diagnosen anhand bildgebender Verfahren zu stellen.

3.2.2  Biologische Restriktionen

Unter das genannte Anwendungsgebiet der diagnostischen Testevaluation fallen insbesondere
Tests, die auf das Vorliegen einer Infektionskrankheit priifen, da sie eine eindeutige
Zuordnung des Krankheitsstaus vornehmen. Bei der Auswahl der diagnostischen Tests fiir die
Analyse muss aber beriicksichtigt werden, welche Infektionsphase die Tests nachweisen.
Werden beispielsweise Antigentests (zum Beispiel eine PCR-Analyse) gemeinsam mit
AntikOrpertests evaluiert, weisen diese unterschiedliche biologische Infektionsstadien nach
und die Methode sollte in ihrer eigentlichen Bedeutung des identischen Untersuchungsziels

nicht angewendet werden.

Wihrend Antigentests den Erreger selbst oder Teile seiner DNA nachweisen, priift der
Antikorpertest auf die Immunantwort des Korpers in Form von vorhandenen Antikdrpern.
Jedoch treten diese Zustdnde zu unterschiedlichen Zeitpunkten einer Infektion ein. So ist der
Erreger zu Beginn der Infektion nachweisbar und kann zu einem spéteren Zeitpunkt kaum
oder gar nicht mehr vorhanden sein. Antikorper bilden sich erst nach dem Kontakt mit dem
Erreger (Markey et al. 2013). Damit messen die Tests nicht exakt dieselbe latente Infektions-

phase der Tiere.

Diese abweichenden Ergebnisse der Tests basieren auf den biologischen Abléufen einer
Infektionskrankheit. In dem latenten Klassen-Ansatz wird hingegen angenommen, dass es
zwel eindeutige Klassen gibt, zu denen jedes Individuum durch die Tests zugeordnet werden
kann. Diese Voraussetzung muss bei allen Modellen der LCA fiir eine unverzerrte Schitzung

der Parameter erfiillt sein.

Im Fall von Antigen- und Antikorpertests gibt es hingegen vier Klassen, nach denen die

Individuen unterteilt werden miissen:

1. Nur Antigene vorhanden
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2. Sowohl Antigene als auch Antikorper vorhanden
3. Nur Antikdrper vorhanden
4. Weder Antigene noch Antikdrper vorhanden

Fiir eine gemeinsame LCA von Antigen- und Antikorpertests miissen also vier latente Klassen
betrachtet werden, damit jedes Individuum einem der vier genannten Zustéinde zugeordnet
werden kann. Die Antwortwahrscheinlichkeiten der Tests in den vier Klassen geben dann die
Testgliten einmal mit und einmal ohne Vorliegen des anderen Infektionsnachweises an.
Anhand des Anteils der Individuen in den zwei Antigen- beziehungsweise Antikorper-

positiven Klassen kann die Pravalenz beider Zustinde getrennt bestimmt werden.

Jedoch ist bei dieser VergroBerung der Anzahl der latenten Klassen die gleichzeitige
VergroBBerung der Anzahl der zu berechnenden Parameter zu beriicksichtigen. Dadurch
verdoppelt sich die Zahl der Antwortwahrscheinlichkeiten. Auch die Zahl der zu schétzenden
bedingten Abhéingigkeiten erhoht sich deutlich, je nach Anzahl der bedingt abhéngigen Tests.
Somit fiihrt eine VergroBerung der Zahl der latenten Klassen zu einem erhdhten Rechen-
aufwand, der die benoétigte Stichprobe und die Anzahl der zu wihlenden Startparameter
vergrofert. Auch zeigen die Ergebnisse der Simulationsstudien in Publikation I, dass die
Methode bei sehr ungleicher Grofle der latenten Klassen zu Stabilititsproblemen des
Algorithmus fiihren kann. Somit fiihrt die gleichzeitige Auswertung von diagnostischen Tests
mit unterschiedlichen biologischen Testprinzipien sowohl zu einem erhéhten Aufwand als

auch zu hoheren Unsicherheiten und sollte mdglichst vermieden werden.

3.2.3 Weitere Anwendungsbereiche

Auch auflerhalb der (veterinér-)medizinischen Diagnostik lassen sich Anwendungsgebiete fiir
das vorgestellte Verfahren finden. In anderen Gebieten der Epidemiologie kann eine
Anwendung der vorgestellten LCA ebenfalls hilfreich sein, wenn anhand verschiedener
abhédngiger Indikatoren latente Strukturen identifiziert werden sollen. Beispielsweise konnen
landwirtschaftliche Betriebe anhand mehrerer beobachteter Variablen in latente Klassen
beziiglich ihres Tierwohlstatus eingeteilt oder Risikogruppen fiir die Infektion mit einer

bestimmten Erkrankung definiert werden.

In der Soziologie gibt es ebenfalls Bereiche, in denen eine bedingte Abhéngigkeit
beriicksichtigt werden kann. Wird beispielsweise eine LCA basierend auf Angaben in einem

Fragebogen durchgefiihrt, konnen die Teilnehmer auf verschiedene Fragen aus den gleichen
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Griinden falsche Angaben machen. Damit gibt es bestimmte Antwortmuster in einer Klasse
besonders héufig. Diese Antwortmuster werden in der klassischen LCA iiberbewertet.
Dadurch sind die daraus berechneten bedingten Antwortwahrscheinlichkeiten verzerrt, was
zu einer falschen latenten Klassenzugehorigkeit der einzelnen Beobachtungen fiihren kann.
Die Einbezichung bedingter Abhingigkeiten kann dies verhindern und dadurch auch

gegebenenfalls die Trennbarkeit der latenten Klassen verbessern.

Auch fiir andere Anwendungsbereiche, wie zum Beispiel die Wirtschaftswissenschaften,
kann die Beriicksichtigung mdglicher Abhingigkeiten sinnvoll sein. Jedoch muss in diesen
Féllen die VergroBerung der Zahl der latenten Klassen sowie der Anzahl der Antwort-
kategorien ermoglicht und die damit verbundene hohere Komplexitit des Modells
beriicksichtigt werden. Viele dieser Anwendungsbereiche bendtigen mehr als die zwei
latenten Klassen und Antwortkategorien, welche in der Diagnostik iiblich sind. Dies erhoht
die Zahl der zu schidtzenden Parameter deutlich und vergréfert damit auch den Aufwand fiir
die Festlegung der Startwerte. Ein Vorteil dieser Anwendungsbereiche ist jedoch, dass sie
grolere Datensdtze bereitstellen konnen und dabei nicht den regulatorischen
Einschrankungen der Diagnostik unterliegen. Somit ist eine exakte Schétzung einer groferen

Zahl von Parametern moglich.

3.24  Technische Anwendbarkeit (Softwarerealisation)

Der verwendete Algorithmus wurde in R (Version 3.5.0; R Development Core Team 2019)
implementiert. Die Methode besteht aus drei Hauptfunktionen: Zunéchst wird ein EM-
Algorithmus angewendet, der die Testgliten und die Privalenz analog zur klassischen LCA
berechnet. Die als Parameter libergebenen bedingten Abhdngigkeiten werden dabei als
konstante Werte betrachtet. Eine zweite Funktion verwendet die vorliegenden Werte der
Testgiiten, der bedingten Abhdngigkeiten und der Prdvalenz, um zu bestimmen, welchen
Anteil jede latente Klasse an den Beobachtungen aller Antwortmuster besitzt. Anschlieend
wird die Differenz zu den anhand der verwendeten Testgiiten erwarteten Anteilen berechnet
und daraus die bedingten Abhingigkeiten neu bestimmt. Eine dritte Funktion ruft diese beiden
Methoden abwechselnd auf und priift nach jedem Schritt, ob es zu einer Konvergenz
gekommen ist, also ob die Differenz der Parameter zweier aufeinanderfolgender Iterations-
schritte kleiner 0,00001 ist, oder ob die maximale Anzahl von 1 000 Iterationsschritten

erreicht wurde, so dass die Berechnung abgebrochen wird.
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Zunéchst wurde der Algorithmus fiir die Untersuchungen in Publikation I fiir drei Tests
implementiert. Fiir die Analyse in Publikation II wurde das Programm anschlieend fiir eine
beliebige Anzahl von Tests erweitert. In dieser Version muss der Anwender zu Beginn die
Funktionen einmalig initialisieren und die Zahl der verwendeten Tests sowie die zugehorigen
Startwerte eingeben. Anschliefend berechnet das Programm automatisch die Ergebnisse der
LCA fiir bedingt abhéngige Tests. Weitere Startwerte konnen durch ein wiederholtes
Aufrufen der Gesamtfunktion mit gednderten Eingabeparametern direkt verwendet werden.
Somit ist die Anwendung der Methode direkt moglich und es werden ausschlieBlich Angaben
zur Anzahl der Tests und der Startwerte bendtigt, um den Algorithmus anzuwenden. Fiir eine
Anderung der Zahl der Tests miissen die neuen Startwerte {ibergeben und die Anzahl der zu
schitzenden Tests angegeben werden. Folglich ist eine leichte Nutzbarkeit fiir alle

Anwendungsfille gesichert.

Jedoch wird in der jetzigen Ausfithrung des Programms vorausgesetzt, dass der Nutzer mit
der Anwendung von Skriptsprachen wie R vertraut ist. Dies ist auch bei Implementierungen
von anderen Ansétzen der LCA der Fall. Auch dort werden Kenntnisse liber den Aufbau der
verwendeten Skriptsprache (zum Beispiel OpenBUGS (Lunn et al. 2009), PROC LCA in SAS
(Lanza et al. 2007) oder TAGS in R (Pouillot et al. 2002)) vorausgesetzt. Die bisherigen
Anwender der LCA sind demnach mit dem Umgang der Programme vertraut, so dass dies
zunichst kein Hindernis in der Anwendbarkeit der Methode darstellt. Um die entwickelte
Methode einer grofleren Gruppe von Anwendern zugédnglich zu machen, sollte die Methode
zukiinftig mithilfe der Entwicklung einer grafischen Nutzeroberfliche (Graphical User

Interface) oder einer Webanwendung, beispielsweise RShiny, erweitert werden.

33 Vergleich mit Verfahren der Bayes-Statistik

Die in dieser Arbeit adaptierte Methode der konfirmatorischen Analyse zur Evaluation von
diagnostischen Test ohne Goldstandard mithilfe der LCA stellt eine Alternative zur
Anwendung von Modellen der Bayes-Statistik dar. Beide Ansitze sind dabei auf
Vorinformationen zu den Parametern angewiesen. Bei der latenten Klassenanalyse fiir
bedingt abhidngige Tests wird das Vorwissen in der neu entwickelten Methode in Form von
Startwerten fiir die diagnostischen Testparameter sowie deren Abhédngigkeiten bendtigt. Auch
wenn dies gegebenenfalls viele Informationen sind, so hat dies den Vorteil, dass jeweils ein

einzelner ,,Erfahrungswert™ in Zusammenarbeit mit den beteiligten diagnostischen Laboren
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vorgegeben werden muss. Hier geht dann also unmittelbar die Alltagserfahrung der Labore

ein.

Im Gegensatz dazu fordern die Methoden der Bayes-Analyse Vorgaben in Form von A-priori-
Verteilungen, welche ,,Struktur und Grad der Unsicherheit widerspiegeln sollen. Diese
Modellierung der Unsicherheit durch eine A-priori-Verteilung im Bayesschen Ansatz kann
als grofer Vorteil angesehen werden. Die strukturellen Vorgaben einer solchen Verteilung
konnen den praktischen Anwender jedoch besonders bei wenig oder ungenauem Vorwissen
gegebenenfalls iiberfordern, sodass es gegebenenfalls einfacher sein kann, sich auf einen

einzigen ,,Erfahrungswert™ fiir die Parameter festzulegen als einen Wertebereich anzugeben.

Sind keine Informationen zu den verwendeten Tests erhéltlich, werden im Bayesschen Ansatz
oft nicht informative A-priori-Verteilungen verwendet, also zum Beispiel eine
Gleichverteilung auf dem Einheitsintervall oder eine Normalverteilung (Berger 1985). Diese
enthalten keine Informationen zu den Parametern und entsprechen so nicht der Grundidee der
Verwendung bestehenden Vorwissens. So zeigen die Simulationsstudien in Publikation I,
dass das Modell im Falle einer nicht informativen A-priori-Verteilung teilweise, abhéngig
von der betrachteten Population, zu stark von den tatsédchlichen Parametern abweichenden
Werten konvergiert (vgl. Tabellen S15-S26 in Anhang 1). Beispielsweise fiihrte die Annahme
von Werten von etwa 50% fiir alle Parameter im ersten Simulationsszenario zwar zu einer
Konvergenz des Verfahrens, die Werte fiir die Privalenz wurden jedoch um etwa 50%

tiberschitzt und die der Testgiiten dhnlich stark unterschétzt (Tabelle S20 in Anhang 1).

Fiir den vorgestellten Ansatz hingegen werden bei geringem Vorwissen eventuell stark von
den Parameterwerten abweichende Startwerte ausgewdhlt, die dann in den durchgefiihrten
Simulationsstudien meist zu falschen Parameterwerten konvergierten. Um dies zu verhindern,
konnen mehrere Startwertdatensétze anhand der verwendeten Testprinzipien und Erfahrung
in der Anwendung dieser oder #hnlicher Tests bestimmt werden. Ubereinstimmende
beziehungsweise abweichende Ergebnisse liefern Hinweise zur Stabilitit des Verfahrens fiir
den untersuchten Datensatz und den tatsidchlichen Parameterwerten. Jedoch kann es hier
Schwierigkeiten geben, Startwerte fiir die bedingten Abhéngigkeiten der Tests festzulegen.
Die Anwender konnen Probleme damit haben, die Abhdngigkeiten zwischen den Tests zu
quantifizieren, da diese, anders als Testgiiten oder Prdvalenzen, nicht zu den bekannten
MaBen der Diagnostik gehdren. Dafiir kann eine Anleitung zur Einordnung der Werte in einen
praktischen Kontext hilfreich sein. Aulerdem werden als Startwerte nur ungefdhre Angaben

benotigt, so dass eine grobe Einordnung durch die Experten ausreichend ist.
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Die durchgefiihrten Simulationsstudien zeigten ebenfalls, dass beide Ansitze, welche die

bedingten Abhidngigkeiten beriicksichtigen, bei geeignet gewéhlten Startwerten
beziehungsweise informativen A-priori-Verteilungen zu genaueren Ergebnissen kamen als
die klassische LCA. Lediglich bei unabhidngigen Tests gab es keinen Unterschied zwischen
den drei Methoden. Bei Szenarien mit bedingt abhingigen Indikatorvariablen hatten die
Bayessche LCA und der neu entwickelte Ansatz in wenigen Fillen Schwierigkeiten mit stark
von den simulierten Parametern abweichenden Ergebnissen oder fehlender Konvergenz (vgl.
Tabellen S3-S26 in Anhang 1). Diese traten jeweils bei unterschiedlichen Simulations-
szenarien und Annahmen zum Vorwissen auf, sodass die Ursache fiir diese Probleme nicht
im Simulationsszenario, sondern in der verwendeten Methode zu liegen scheint. Jedoch
kamen beide Methoden in den meisten Szenarien iibereinstimmend zu genauen Schitzungen
der Parameterwerte. Tabelle 1 stellt die Ergebnisse der Schidtzung der drei in Publikation I
angewendeten Methoden der LCA fiir die fiinf untersuchten Simulationsszenarien
zusammenfassend gegeniiber.

Tabelle 1: Zusammengefasste Ergebnisse der drei Ansdtze der LCA in den fiinf in Publikation I
simulierten Szenarien bei geeigneten Startwerten. Die vollstindigen Resultate sind in den Tabellen

S3-S26 in Anhang 1 aufgefiihrt.

Simulationsszenario

Klassische LCA

Bayessche LCA

Neue iterative LCA

Drei unabhéngige
Tests mit hohen
Testgiiten bei
mittlerer Pravalenz

Genaue Schitzung
der Parameter
(max. Abweichung
1%)

Genaue Schitzung der
Parameter (max.
Abweichung 7%)

Genaue Schitzung der
Parameter (max.
Abweichung 4%)

Zwei stark abhingige
Tests mit mittlerer
Testgiite und ein
unabhingiger Test
mit hoher Testglite
bei hoher Privalenz

Starke Abweichung
der geschitzten
Parameter zu den
wahren Werten
(max. 20%)

Genaue Schitzung der
Parameter (max.
Abweichung 7%)

Genaue Schitzung der
Parameter (max.
Abweichung 7%)

Zwei stark abhingige
Tests mit mittlerer
Testgiite und ein
unabhéngiger Test
mit hoher Testgiite
bei niedriger
Préavalenz

Sehr starke
Abweichung der
geschitzten
Parameter zu den
wahren Werten
(max. 77%)

Meist genaue Schitzung
der Parameter; im Fall
von liber- bzw.
unterschédtzten Testgiiten
mittlere Abweichungen
von max. 15%

Meist genaue Schitzung
der Parameter; im Fall
von unterschétzten
Abhingigkeiten oder
tiberschitzten Testgiiten
zum Teil starke
Abweichungen von max.
86%
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Drei Tests mit
mittlerer
Abhingigkeit und
mittleren Testgiiten
bei hoher Priavalenz

Starke Abweichung
der geschitzten
Parameter zu den
wahren Werten
(max. 13%)

Meist genaue Schitzung
der Parameter; im Fall
von unterschétzten
Testgiiten starke
Abweichungen von
max. 20%

Genaue Schitzung der
Parameter (max.
Abweichung 6%)

Drei Tests aus einem
realen Datensatz mit
variierenden
Testgliten und
Abhiéngigkeiten bei
mittlerer Pravalenz

Starke Abweichung
der geschitzten
Parameter zu den
wahren Werten
(max. 20%)

Meist genaue Schitzung
der Parameter (max.
Abweichung 6%);
fehlende Konvergenz in
einem Fall

Meist genaue Schitzung
der Parameter (max.
Abweichung 8%)

Zwei stark abhingige
Tests und ein
unabhéngiger Test
bei niedriger
Priavalenz und
Parameterschranken

Sehr starke
Abweichung der
geschétzten
Parameter zu den
wahren Werten
(max. 77%)

Meist genaue Schitzung
der Parameter, jedoch
mittlere Abweichungen
bei iiber- bzw.
unterschitzten Testgiiten
(max. Abweichung
15%)

Meist genaue Schitzung
der Parameter; im Fall
von unterschitzten
Abhéngigkeiten oder
iiberschitzten Testgliten
zum Teil starke
Abweichungen von max.
58%

Insgesamt sind beide Ansdtze, sowohl das hier vorstellte Modell als auch die Bayessche
Methode, geeignet zur diagnostischen Testevaluation bedingt abhidngiger Tests. Sie nutzen
jedoch unterschiedliche statistische Konzepte und sind daher nicht direkt vergleichbar. Je
nach Ziel der Analyse und Form der vorhandenen Vorinformationen kann jeweils einer der
Ansitze einfacher oder schneller anwendbar sein. Damit stellt die in dieser Arbeit vorstellte
frequentistische LCA keinen Ersatz, sondern viel mehr eine niitzliche Alternative zum

Bayesschen Ansatz dar.

34 Weiterentwicklung der Methode

Die in dieser Arbeit entwickelte Methode der latenten Klassenanalyse ist fiir die Evaluation
bedingt abhéngiger diagnostischer Tests ohne Goldstandard anwendbar. Sie bendtigt gut
gewdhlte Startwerte fiir alle Parameter und ist damit in der Lage, die wahren unbekannten
Parameterwerte zu schétzen. Jedoch gibt es einige Moglichkeiten, die Schitzung zu

verbessern und das Anwendungsgebiet zu erweitern.

— Daes viele Anwendungsgebiete der LCA fiir bedingt abhidngige Einflussvariablen mit

mehr als zwei Klassen oder zwei Antwortkategorien gibt, sollte es ein Ziel sein, die
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Methode auch auf diese Félle zu verallgemeinern. Beispielsweise kann eine stérkere
Differenzierung des Immunstatus in mehrere Kategorien oder die Beschreibung von
Verhaltensweisen oder Eigenschaften das Ziel einer Methodenevaluation sein. Dafiir
wiirden dann semi-quantitative Testergebnisse oder nominale Antwortmoglichkeiten
zur Beschreibung der Verhaltensweisen benétigt werden. Auf diese Weise wiirde das
Anwendungsgebiet der Methode deutlich erweitert. Jedoch erhoht sich durch die
VergroBerung der Zahl der Klassen und der méglichen Antwortkategorien die Zahl
der Parameter deutlich. Beispielsweise gibt es bei einem Modell mit drei Klassen und
drei Indikatorvariablen mit drei Kategorien bereits 41 Parameter wéhrend bei der
gleichen Anzahl von Indikatoren im Zwei-Klassen-Modell mit zwei Antwort-
kategorien nur 15 Parameter geschitzt werden miissen. Da fiir alle diese Parameter
geeignete Startwerte angegeben werden miissen, erhoht sich der Aufwand durch die
Verallgemeinerung stark und es muss gepriift werden, ob das Modell in dieser Form

noch praktikabel ist.

Die Hinzunahme eines Strafterms kann die Schitzung des Modells in vielen Féllen
verbessern. Mit nur wenigen unspezifischen Vorinformationen (zum Beispiel
Testgiiten, die immer grofer als 50% sind) kann ein Wertebereich festgelegt werden,
in dem die Parameter zu erwarten sind. Dadurch konnen stark abweichende und
unrealistische Resultate vermieden werden. Gegeniiber der bisher implementierten
Parametergrenzen hat dieser Ansatz den Vorteil, dass er keine feste Grenze benotigt.
Stattdessen beriicksichtigt er die Stdrke der Abweichungen vom festgelegten
Parameterbereich, so dass geringere Abweichungen weniger bestraft werden als stark
abweichende Parameterwerte. Damit wird die Moglichkeit geschaffen, die
Likelihood-Funktion so zu modifizieren, dass die Konvergenz zu den wahren
Parameterwerten verbessert wird, ohne die Gefahr, die wahren Parameter durch

falsche Annahmen als mégliche Werte auszuschlie3en.

Der entwickelte Algorithmus ist so programmiert, dass alle Parameter in jedem
Iterationsschritt neu berechnet werden. Auch eventuell zu Beginn bekannte Werte
werden so neu abgeschétzt. Dies stellt in der Anwendung zunéchst kein Hindernis dar,
denn die Simulationsstudien in Publikation I zeigen, dass der Algorithmus, falls dies
die tatsdchlichen Werte sind, auch zu diesen konvergiert. Wird die Methode jedoch,
wie geplant, auf eine vergroBerte Anzahl latenter Klassen mit mehr Antwortkategorien
erweitert, flihrt dies zu einem erhohten Rechenaufwand. Der Algorithmus kann dann

durch eine Fixierung einzelner bekannter Parameterwerte optimiert werden. Sind
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beispielsweise Tests voneinander bedingt unabhidngig, kann die Festlegung der
Abhingigkeiten auf null ohne eine Neuberechnung in jedem Iterationsschritt die
Anzahl der zu schitzenden Parameter in einigen Anwendungsfillen deutlich
reduzieren. Eine solche Anpassung der Methode verringert zum einen die Anzahl der
bendtigten Startwerte und erleichtert dem Anwender die Durchfiihrung der Methode.

Zum anderen kann es die Konvergenz des Algorithmus beschleunigen.

— Die praktische Anwendbarkeit der vorgestellten frequentistischen LCA kann durch
die Verwendung einer interaktiven Webanwendung oder einer Grafischen Benutzer-
oberfliche verbessert werden. Durch die Entwicklung einer Webseite, zum Beispiel
mithilfe des R Paketes Shiny, kann eine Oberfldche erstellt werden, auf welcher der
Anwender die bendtigten Startinformationen direkt in dafiir vorgesehenen Felder
eintragen kann. Die Ergebnisse werden in einer solchen Anwendung entsprechend
iber die genutzte Oberfldche iibersichtlich zuriickgegeben. Dies hat den Vorteil, dass
das entwickelte Verfahren auch ohne Kenntnisse der Programmiersprache R
unmittelbar genutzt werden kann. Auch wird der Quelltext dann nicht mehr fiir die
Durchfiihrung der Analyse benétigt und es kann von jedem Computer darauf

zugegriffen werden.

Somit gibt es verschiedene Ansatzpunkte, um die vorgestellte Methode in Zukunft weiter zu

verbessern und ihre praktische Anwendbarkeit zu erleichtern.

3.5 Ubergreifende Schlussfolgerungen und Ausblick

Der in dieser Arbeit vorgestellte Ansatz der latenten Klassenanalyse wurde in zwei
Publikationen entwickelt und evaluiert. In Publikation I wurde die Methode hergeleitet und
ihre Anwendbarkeit mithilfe von Simulationsstudien untersucht, die realistische
Anwendungsfille aus dem Bereich der veterindrmedizinischen Diagnostik repréasentieren. Die
Ergebnisse zeigen, dass die Methode in der Lage ist, die wahren Parameterwerte zu
bestimmen. In Publikation II konnte die Anwendbarkeit der Methode auf reale Daten gezeigt
werden. Dafiir wurde ein Datensatz genutzt, der die Ergebnisse von sechs ELISA Tests zum
Nachweis von Antikorpern gegen PRRS enthilt, und das notwendige Vorgehen zur
Festlegung der Startwerte gezeigt. In der iibergreifenden Diskussion wurden technische
Herausforderungen der Methode analysiert, ihr Anwendungsbereich ergriindet, ein Vergleich

zu den Bayessche Methoden gezogen und mogliche Erweiterungen der vorgestellten LCA
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diskutiert. Anhand dieser Ergebnisse konnen folgende Schlussfolgerungen zur Anwendbar-

keit der Methode gezogen werden:

— Der vorgestellte frequentistische Ansatz der LCA ist grundsitzlich geeignet, um die
Testgliten bedingt abhéngiger diagnostischer Tests ohne Goldstandard zu evaluieren.

— Er benétigt einige Voraussetzungen in Form von gut gewihlten Startwerten und den
Ergebnissen von mindestens drei verschiedenen diagnostischen Tests.

— Die Startwerte lassen sich anhand praktischer Werte abschétzen und benodtigen somit
keine vorherigen Berechnungen.

— Sind diese Annahmen erfiillt, ist der Algorithmus in der Lage, die wahren
Parameterwerte zu schitzen, wie die im Rahmen dieser Arbeit durchgefiihrten Studien
gezeigt haben.

— Somit wurde eine Methode zur Evaluation bedingt abhéngiger Tests entwickelt, die fiir
Datensitze mit mindestens drei diagnostischen Tests angewendet auf eine einzelne
Population einsetzbar ist. Zusétzlich bendtigt sie kein umfangreiches Vorwissen in
Form von A-priori-Verteilungen. Damit erfiillt sie die in der Zielstellung definierten
Anforderungen.

— Folglich stellt der vorgestellte Ansatz eine geeignete Alternative zu den bereits
etablierten Modellen der Bayes-Statistik dar.

— Ilhre praktische Anwendbarkeit kann in Zukunft durch eine grofere Flexibilitdt in der
Zahl der latenten Klassen und Indikatoren, die Hinzunahme eines Strafterms, die
Fixierung einzelner Parameter im Algorithmus sowie die Entwicklung einer
interaktiven Webanwendung beziehungsweise einer grafischen Benutzeroberfldche

verbessert werden, sodass sie fiir eine gro3ere Gruppe von Anwendern nutzbar wird.

Insgesamt kann die in dieser Arbeit neu entwickelte Methode also zukiinftig fiir die
praktische Evaluation diagnostischer Tests ohne Goldstandard verwendet werden und

dadurch zu einer Verbesserung der Kenntnisse der diagnostischen Testgiiten beitragen.
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4 Zusammenfassung

Clara Schoneberg
Abschiitzen der diagnostischen Testgenauigkeit ohne Goldstandard bei bedingt
abhingigen Tests — methodische Entwicklung von Modellen der latenten

Klassenanalyse

Ein diagnostischer Test in der (Veterindr-)Medizin beurteilt anhand festgelegter Parameter,
ob bei einem Individuum ein bestimmtes Ereignis (Krankheit, Infektion etc.) vorliegt. Er
bildet die Grundlage fiir die Berechnung epidemiologischer Maf3zahlen wie der Priavalenz und
damit fiir die Einschitzung der Haufigkeit des Auftretens des Ereignisses. Jedoch kommt
jeder Test in der Praxis zu einem Anteil falscher Ergebnisse. Dieser Anteil muss bekannt sein,
um die Pravalenz korrigieren zu konnen und eine mdgliche Verzerrung der Ergebnisse zu
verhindern. Wird ein neuer Test entwickelt, muss zunichst diese Fehlerrate und damit ein
Wert fiir Sensitivitdt und Spezifitdt bestimmt werden, indem der Test mit einem (goldenen)

Standard verglichen wird.

Liegt ein solcher Goldstandard nicht vor, so stellt die latente Klassenanalyse eine geeignete
Methode fiir den Vergleich dar. Sie nutzt die Ergebnisse mehrerer diagnostischer Tests, die
auf dieselben Individuen angewendet werden. Anhand der daraus resultierenden Antworten
und dem Anteil iibereinstimmender Testergebnisse bestimmt die latente Klassenanalyse die
latente Klasse, also den unbekannten Ereignisstatus aller beprobten Individuen. Mit diesen
Werten berechnet sie sowohl die Pravalenz in der Stichprobe als auch die Testgliten aller
verwendeten Tests. Eine wichtige Voraussetzung ist hierbei die bedingte Unabhéngigkeit der
Tests. Das bedeutet, dass innerhalb einer latenten Klasse ein Test keine Hinweise auf das
Ergebnis eines anderen Tests geben darf. Werden Tests mit demselben biologischen Prinzip

verwendet, ist diese Bedingung nicht mehr erfiillt.

Deshalb wurde die latente Klassenanalyse in dieser Arbeit so weiterentwickelt, dass keine
bedingte Unabhédngigkeit mehr benétigt wird. Die Methode erweitert das klassische latente
Klassenmodell um einen Term fiir die bedingte Abhéngigkeit der Tests. Die Parameter schitzt
sie dann in einem Algorithmus mithilfe frequentistischer Methoden. In dieser Arbeit wurde
diese Methode zunéchst anhand von Simulationsstudien evaluiert. Diese zeigten, dass die
erweiterte latente Klassenanalyse unter der Voraussetzung gut gewihlter Startwerte in der

Lage war, die Parameter genau abzuschitzen. Mit diesem Wissen wurde die Methode auf
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einen realen Datensatz angewendet. Dieser Datensatz enthielt die Ergebnisse von 812
Schweinen, die mit sechs ELISA-Tests auf das Porzine Reproduktive und Respiratorische
Syndrom untersucht wurden. Mit geeigneten Startwerten war der neu entwickelte
Algorithmus in der Lage, die Privalenz, die Testgiiten und die Abhingigkeiten der sechs Tests

zu bestimmen.

Somit konnte in dieser Arbeit anhand der Ergebnisse beider Studien die Anwendbarkeit der
neu entwickelten latenten Klassenanalyse auf bedingt abhidngige diagnostische Tests belegt
werden. Zusitzliche Modifizierungen fiir eine vereinfachte Nutzbarkeit und einen gro3eren

Anwendungsbereich sind im Rahmen zukiinftiger Arbeiten moglich.
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5 Summary

Clara Schoneberg

Estimating the diagnostic test accuracy for conditionally dependent tests without a gold

standard — methodical development of latent class analysis models

A diagnostic test in (veterinary) medicine uses defined parameters to assess whether a specific
event (disease, infection, etc.) is present in an individual. It forms the basis for calculating
epidemiological measures such as prevalence and thus for estimating the frequency of
occurrence of the event. However, every test comes in practice to a proportion of false results.
This proportion must be known in order to be able to correct the prevalence and prevent a
possible bias in the results. If a new test is developed, this error rate and therefore a value for
its sensitivity and specificity needs be determined first by comparing the test with a (gold)

standard.

If such a gold standard is not available, latent class analysis is a suitable method for
comparison. It uses the results of several diagnostic tests applied to the same individuals.
Based on the resulting response patterns, the latent class analysis determines the latent class,
i.e., the unknown event status of all sampled individuals. Applying these values, the method
calculates both the prevalence in the sample as well as the test accuracy of all tests used. An
important assumption of the latent class analysis is the conditional independence of the tests.
This means that within a latent class a test does not give any indication of the result of another

test. If tests with the same biological principle are used, this condition is no longer met.

Therefore, in this work the latent class analysis was further developed so that conditional
independence is no longer required. The new method extends the classical latent class model
by a term for the conditional dependency. It then estimates the parameters in an algorithm
using frequentist methods. In this work the method was first evaluated in different simulated
scenarios. They showed that the extended latent class analysis was able to estimate the
parameters precisely under the condition of well-chosen starting values. With this knowledge,
the method was applied to a real-world data set. The data set contained the results of 812 pigs
tested for porcine reproductive and respiratory syndrome using six ELISA tests. The newly
developed algorithm was able to determine the prevalence, the test accuracy and the

dependencies of the six tests using suitable starting values.
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Thus, the applicability of the newly developed latent class analysis for conditionally
dependent diagnostic tests was proven in this work based on the results of both studies.
Additional modifications of the method for a simplified applicability and a larger area of

application are possible in the context of future work.
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Anhange

Anhang 1:

Der folgende Anhang entspricht dem Supplementary Material der Publikation I (Schoneberg
C, Kreienbrock L and Campe A (2021) An Iterative, Frequentist Approach for Latent Class
Analysis to Evaluate Conditionally Dependent Diagnostic Tests. Front. Vet. Sci. 8:588176.
doi: 10.3389/fvets.2021.588176).

Abbreviations:

Sen 1 - Sen 3: The sensitivities of tests 1-3

Spe 1 - Spe 3: The specifities of tests 1-3

Prev: The prevalence of the disease in the population

std.: The standardized value of the dependency term

1CI: lower confidence limit

uCl: upper confidence limit

LL: The log-likelihood value for the chosen parameter values
E: Entropy

77;'].: The dependency of the sensitivities of test i and test j

m; The dependency of the specifities of test i and test j

Table S1: Well-chosen starting values for the stepwise latent class algorithm for all five simulation
scenarios

Parameter Starting Starting Starting Starting Starting Starting
values 1 values 2 values 3 values 4 values 5 values 6
Three independent tests

Prevalence 0.300 0.300 0.300 0.350 0.400 0.400
Sensitivity 1 0.900 0.900 0.900 0.900 0.920 0.920
Sensitivity 2 0.850 0.850 0.850 0.900 0.830 0.830
Sensitivity 3 0.900 0.900 0.900 0.900 0.940 0.940
Specifity 1 0.950 0.950 0.950 0.950 0.920 0.920
Specifity 2 0.950 0.950 0.950 0.950 0.930 0.930
Specifity 3 0.990 0.990 0.990 0.950 0.990 0.990
77;2 0.000 0.000 0.010 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.093) (0.000) (0.000) (0.000)
77;3 0.000 0.000 0.010 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.111) (0.000) (0.000) (0.000)
77;3 0.000 0.030 0.010 0.000 0.000 0.030
(std.) (0.000) (0.280) (0.093) (0.000) (0.000) (0.466)
77;23 0.000 0.001 0.000 0.000 0.000 0.001
(std.) (0.000) (0.031) (0.000) (0.000) (0.000) (0.041)
7 0.000 0.000 0.003 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.063) (0.000) (0.000) (0.000)
7 0.000 0.000 0.003 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.138) (0.000) (0.000) (0.000)
7 0.000 0.009 0.003 0.000 0.000 0.009
(std.) (0.000) (0.350) (0.138) (0.000) (0.000) (0.355)
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123 0.000 0.001 -0.003 0.000 0.000 0.001
(std.) (0.000) (0.100) (-0.635) (0.000) (0.000) (0.145)
Two highly dependent tests with high prevalence
Prevalence 0.400 0.400 0.400 0.300 0.450 0.450
Sensitivity 1 0.900 0.900 0.900 0.850 0.930 0.930
Sensitivity 2 0.700 0.700 0.700 0.750 0.660 0.660
Sensitivity 3 0.650 0.650 0.650 0.720 0.620 0.620
Specifity 1 0.990 0.990 0.990 0.990 0.990 0.990
Specifity 2 0.800 0.800 0.800 0.850 0.750 0.750
Specifity 3 0.850 0.850 0.850 0.890 0.890 0.890
5, 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
s 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
M3s 0.121 0.140 0.090 0.117 0.138 0.110
(std.) (0.600) (0.650) (0.411) (0.600) (0.600) (0.478)
7 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
7 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
i3 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
7 0.086 0.095 0.065 0.067 0.108 0.095
(std.) (0.600) (0.670) (0.455) (0.600) (0.600) (0.701)
123 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Two highly dependent tests with low prevalence
Prevalence 0.030 0.030 0.030 0.010 0.040 0.030
Sensitivity 1 0.900 0.900 0.900 0.850 0.930 0.800
Sensitivity 2 0.700 0.700 0.700 0.750 0.660 0.800
Sensitivity 3 0.650 0.650 0.650 0.720 0.620 0.800
Specifity 1 0.990 0.990 0.990 0.990 0.990 0.800
Specifity 2 0.800 0.800 0.800 0.850 0.750 0.800
Specifity 3 0.850 0.850 0.850 0.890 0.780 0.800
s, 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
s 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
My 0.121 0.140 0.090 0.117 0.138 0.110
(std.) (0.600) (0.650) (0.411) (0.600) (0.600) (0.478)
M ys 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
71 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Mis 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
7 0.086 0.095 0.065 0.067 0.108 0.095
(std.) (0.600) (0.670) (0.455) (0.600) (0.600) (0.701)
Mi23 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Three medium dependent tests with medium prevalence
Prevalence | 0.400 | 0.400 | 0.400 | 0350  0.320 ] 0.400
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Sensitivity 1 0.800 0.800 0.800 0.850 0.600 0.800
Sensitivity 2 0.660 0.660 0.660 0.730 0.600 0.800
Sensitivity 3 0.700 0.700 0.700 0.750 0.600 0.800
Specifity 1 0.950 0.950 0.950 0.980 0.800 0.800
Specifity 2 0.850 0.850 0.850 0.880 0.800 0.800
Specifity 3 0.880 0.880 0.880 0.920 0.800 0.800
771“2 0.038 0.048 0.025 0.0317 0.048 0.025
(std.) (0.200) (0.253) (0.132) (0.200) (0.200) (0.156)
771“3 0.046 0.055 0.033 0.0387 0.060 0.033
(std.) (0.250) (0.300) (0.180) (0.250) (0.250) (0.200)
77;3 0.087 0.097 0.062 0.0769 0.096 0.062
(std.) (0.400) (0.450) (0.286) (0.400) (0.400) (0.380)
77;23 -0.004 -0.005 -0.003 -0.003 -0.006 -0.003
(std.) (-0.050) (-0.060) (-0.035) (-0.050) (-0.050) (-0.046)
7 0.0156 0.020 0.010 0.009 0.032 0.010
(std.) (0.200) (0.260) (0.128) (0.200) (0.200) (0.063)
M3 0.018 0.022 0.012 0.010 0.040 0.012
(std.) (0.250) (0.311) (0.170) (0.250) (0.250) (0.075)
7 0.046 0.050 0.032 0.035 0.064 0.032
(std.) (0.400) (0.450) (0.280) (0.400) (0.400) (0.200)
7 -0.0013 -0.002 -0.001 -0.001 -0.003 -0.001
(std.) (-0.050) (-0.080) (-0.040) (-0.050) (-0.050) (-0.016)
Brucellosis simulation
Prevalence 0.200 0.200 0.200 0.150 0.200 0.230
Sensitivity 1 0.720 0.720 0.720 0.770 0.650 0.700
Sensitivity 2 0.650 0.650 0.650 0.700 0.650 0.690
Sensitivity 3 0.970 0.970 0.970 0.980 0.950 0.950
Specifity 1 0.980 0.980 0.980 0.990 0.950 0.990
Specifity 2 0.990 0.990 0.990 0.999 0.950 0.990
Specifity 3 0.980 0.980 0.980 0.990 0.950 0.990
77;'2 0.129 0.150 0.090 0.116 0.137 0.080
(std.) (0.600) (0.700) (0.420) (0.600) (0.600) (0.380)
77;3 0.008 0.009 0.003 0.006 0.010 0.000
(std.) (0.100) (0.120) (0.040) (0.100) (0.100) (0.000)
77;'3 0.012 0.015 0.007 0.022 0.0156 0.000
(std.) (0.150) (0.185) (0.086) (0.150) (0.150) (0.000)
77;'23 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
7 0.001 0.002 0.001 0.000! 0.005 0.001
(std.) (0.100) (0.150) (0.100) (0.100) (0.100) (0.100)
M3 0.003 0.004 0.000 0.001 0.007 0.000
(std.) (0.150) (0.200) (0.000) (0.150) (0.150) (0.000)
7 0.001 0.002 0.000 0.000! 0.005 0.000
(std.) (0.100) (0.150) (0.000) (0.100) (0.100) (0.000)
7 0.000 0.000 0.000 0.000 0.000 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

by rounding, 77;“].: The dependency of the sensitivities of test i and test j, 5 The dependency of the

specifities of test i and test j

Table S2: Poorly chosen starting values for the stepwise latent class algorithm for all five simulation
scenarios
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Parameter | Starting values 1 | Starting values 2 | Starting values 3
Three independent tests
Prevalence 0.500 0.250 0.280
Sensitivity 1 0.500 0.850 0.700
Sensitivity 2 0.500 0.850 0.700
Sensitivity 3 0.500 0.850 0.990
Specifity 1 0.500 0.900 0.800
Specifity 2 0.500 0.950 0.800
Specifity 3 0.500 0.930 0.990
177, (std.) 0.000 (0.000) 0.000 (0.000) 0.040 (0.200)
17, (std.) 0.000 (0.000) 0.010 (0.080) 0.000 (0.000)
1y, (std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
177 ,5(std.) 0.000 (0.000) 0.000 (0.000) | -0.001 (-0.050)
N1, (std.) 0.000 (0.000) 0.000 (0.000) 0.009 (0.060)
715 (std.) 0.000 (0.000) 0.001 (0.008) 0.000 (0.000)
755 (std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
N1,5(std.) 0.000 (0.000) 0.000 (0.000) | -0.001 (-0.063)
highly dependent tests with high prevalence
Prevalence 0.500 0.300 0.395
Sensitivity 1 0.500 0.900 0.696
Sensitivity 2 0.500 0.800 0.895
Sensitivity 3 0.500 0.800 0.845
Specifity 1 0.500 0.990 0.850
Specifity 2 0.500 0.900 0.923
Specifity 3 0.500 0.900 0.973
17y, (std.) 0.000 (0.000) 0.000 (0.000) 0.010 (0.071)
177, (std.) 0.000 (0.000) 0.000 (0.000) 0.010 (0.060)
15, (std.) 0.000 (0.000) 0.010 (0.063) 0.100 (0.090)
77 ,5(std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
77, (std.) 0.000 (0.000) 0.000 (0.000) 0.001 (0.011)
715 (std.) 0.000 (0.000) 0.000 (0.000) 0.001 (0.017)
755 (std.) 0.000 (0.000) 0.001 (0.011) 0.090 (2.010)
7155(std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
highly dependent tests with low prevalence
Prevalence 0.500 0.040 0.020
Sensitivity 1 0.500 0.900 0.600
Sensitivity 2 0.500 0.800 0.896
Sensitivity 3 0.500 0.800 0.843
Specifity 1 0.500 0.990 0.982
Specifity 2 0.500 0.900 0.924
Specifity 3 0.500 0.900 0.973
1y, (std.) 0.000 (0.000) 0.000 (0.000) 0.010 (0.071)
171, (std.) 0.000 (0.000) 0.000 (0.000) 0.010 (0.060)
1y, (std.) 0.000 (0.000) 0.010 (0.063) 0.100 (0.090)
77 ,5(std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
11, (std.) 0.000 (0.000) 0.000 (0.000) 0.001 (0.011)
715 (std.) 0.000 (0.000) 0.000 (0.000) 0.001 (0.017)
755 (std.) 0.000 (0.000) 0.001 (0.011) 0.090 (2.010)
N1,5(std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)

Three medium dependent tests with medium prevalence
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77;.: The dependency of the sensitivities of test i and test j, m; The dependency of the specifities of

Prevalence 0.500 0.300 0.375
Sensitivity 1 0.500 0.600 0.790
Sensitivity 2 0.500 0.600 0.795
Sensitivity 3 0.500 0.800 0.857
Specifity 1 0.500 0.900 0.914
Specifity 2 0.500 0.900 0.910
Specifity 3 0.500 0.900 0.951
77;'2 (std.) 0.000 (0.000) 0.010 (0.041) 0.050 (0.300)
77;'3 (std.) 0.000 (0.000) 0.000 (0.000) 0.050 (0.350)
77;'3 (std.) 0.000 (0.000) 0.000 (0.000) 0.050 (0.354)
77;'23(std.) 0.000 (0.000) 0.001 (0.010) 0.000 (0.000)
Ny, (std.) 0.000 (0.000) 0.001 (0.011) 0.030 (0.374)
115 (std.) 0.000 (0.000) 0.000 (0.000) 0.030 (0.500)
75 (std.) 0.000 (0.000) 0.000 (0.000) 0.030 (0.490)
N1,5(std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
Brucellosis simulation
Prevalence 0.500 0.300 0.159
Sensitivity 1 0.500 0.850 0.916
Sensitivity 2 0.500 0.800 0.830
Sensitivity 3 0.500 0.700 0.984
Specifity 1 0.500 0.990 0.982
Specifity 2 0.500 0.990 0.992
Specifity 3 0.500 0.900 0.936
77;2 (std.) 0.000 (0.000) 0.000 (0.000) 0.050 (0.500)
77;3 (std.) 0.000 (0.000) 0.000 (0.000) 0.050 (1.500)
77;3 (std.) 0.000 (0.000) 0.080 (0.440) 0.050 (1.000)
njzg(std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
N7, (std.) 0.000 (0.000) 0.000 (0.000) 0.003 (0.253)
115 (std.) 0.000 (0.000) 0.000 (0.000) 0.003 (0.092)
155 (std.) 0.000 (0.000) 0.001 (0.034) 0.003 (0.150)
N1,5(std.) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)

test i and test j

Table S3: Results of the classical and the iterative LCA for the well-chosen starting values in the
first simulation scenario

Para- | LCA for Starting Starting Starting Starting Starting Starting
meter | independen | values 1 values 2 values 3 values 4 | values 5 values 6
t test

Prev 0.299 0.300 0.301 0.311 0.299 0.300 0.300
IC1 0.271 0.272 0.273 0.282 0.270 0.272 0.271
uCl 0.380 0.390 0.330 0.339 0.327 0.329 0.328
Sen 1 0.910 0.898 0.930 0.875 0.905 0.898 0.937
IC1 0.883 0.879 0914 0.854 0.887 0.879 0.922
uCl 0.90 0.960 0.946 0.895 0.923 0.916 0.952
Sen 2 0.853 0.850 0.827 0.827 0.858 0.850 0.823
IC1 0.831 0.828 0.803 0.804 0.837 0.828 0.799
uCl 0.885 0.882 0.851 0.850 0.880 0.872 0.846
Sen3 | 0.8890.869 0.892 0.853 0.868 0.889 0.892 0.856
1C1 0.908 0.873 0.831 0.847 0.869 0.874 0.834
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uCl 0.920 0.875 0.889 0.908 0912 0.878
Spe 1 0.950 0.949 0.965 0.952 0.950 0.949 0.966
IC1 0.937 0.936 0.953 0.934 0.937 0.935 0.954
uCl 0.964 0.963 0.976 0.965 0.964 0.963 0.977
Spe2 | 0.960 0.947 0.959 0.950 0.961 0.960 0.959 0.947
IC1 0.982 0.947 0.937 0.949 0.948 0.947 0.933
uCl 0.971 0.964 0.973 0.973 0.971 0.961
Spe 3 0.979 0.981 0.966 0.984 0.978 0.982 0.965
IC1 0.971 0.973 0.954 0.976 0.969 0.973 0.954
uCl 0.988 0.990 0.977 0.992 0.987 0.990 0.976
5, - 0.003 -0.004 0.010 -0.008 0.003 -0.005
(std.) (0.048) (-0.040) (0.078) (-0.081) (0.031) (-0.057)
s - 0.000? 0.000? 0.007 -0.006 0.000? -0.004
(std.) (0.016) (-0.002) (0.062) (-0.063) (0.001) (-0.056)
My - 0.000? 0.025 0.007 -0.007 0.000? 0.024
(std.) (0.015) (0.188) (0.054) (-0.059) (-0.001) (0.183)
7 - -0.001 0.003 0.002 0.007 -0.001 0.005
(std.) (-0.079) (0.099) (0.047) (0.218) (-0.031) (0.160)
7 - 0.001 0.000? 0.004 0.002 0.001 0.002
(std.) (0.002) (0.006) (0.102) (0.041) (0.013) (0.041)
7 - -0.001 0.002 0.003 0.003 -0.001 0.002
(std.) (-0.040) (0.052) (0.124) (0.081) (-0.019) (0.052)
7 - -0.001 0.009 0.003 0.002 -0.001 0.012
(std.) (-0.041) (0.239) (0.134) (0.078) (-0.024) (0.287)
Mi23 - 0.0002 0.0002 -0.003 -0.003 0.0002 -0.001
(std.) (0.166) (0.010) (-0.737) (-0.470) (0.045) (-0.167)
It.! - 6 6 6 7 6 7
LL -1215.97 | -1215.97 | -121597 | -1215.97 | -121597 | -1215.97 | -1215.97
AIC 14.00 14.00 14.00 14.00 14.00 14.00 14.00
BIC 48.35 48.35 48.35 48.35 48.35 48.35 48.35
E 0.91 0.91 0.91 0.90 0.91 0.91 0.91

' The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

by rounding

Table S4: Results of the classical and the iterative LCA for the well-chosen starting values in the
second simulation scenario

Para- | LCA for Starting Starting Starting Starting Starting Starting
meter | independent | values 1 values 2 values 3 values 4 values 5 values 6
test

Prev 0.395 0.400 0.392 0.396 0.421 0.374 0.392
IC1 0.386 0.390 0.383 0.386 0.411 0.365 0.382
uCl 0.405 0.410 0.402 0.405 0.431 0.384 0.401
Sen 1 0.696 0.900 0.930 0.823 0.838 0.977 0.923
1C1 0.687 0.894 0.925 0.815 0.831 0.975 0918
uCl 0.705 0.906 0.935 0.830 0.845 0.981 0.928
Sen 2 0.895 0.700 0.693 0.758 0.713 0.691 0.697
1C1 0.889 0.691 0.684 0.750 0.704 0.682 0.688
uCl 0.901 0.709 0.702 0.767 0.721 0.700 0.706
Sen 3 0.845 0.650 0.643 0.708 0.662 0.642 0.646
1C1 0.838 0.641 0.633 0.699 0.653 0.632 0.637
uCl 0.852 0.659 0.652 0.717 0.672 0.651 0.655
Spe 1 0.850 0.990 0.998 0.933 0.977 0.999 0.992
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IC1 0.843 0.988 0.997 0.928 0.974 0.998 0.990
uCl 0.857 0.992 0.999 0.938 0.980 1.000 0.994
Spe 2 0.923 0.800 0.789 0.834 0.827 0.774 0.791
IC1 0.918 0.792 0.780 0.827 0.820 0.766 0.783
uCl 0.929 0.808 0.797 0.842 0.834 0.783 0.799
Spe 3 0.973 0.850 0.839 0.884 0.877 0.824 0.841
IC1 0.970 0.843 0.832 0.878 0.870 0.817 0.833
uCl 0.977 0.857 0.846 0.890 0.883 0.832 0.848
s, - 0.000 0.001 0.0002 -0.001 0.000° 0.001
(std.) (0.000) (0.006) (0.002) (-0.008) (0.006) (0.010)
s - 0.000 0.001 0.0002 -0.001 0.000° 0.001
(std.) (0.000) (0.004) (0.002) (-0.006) (0.004) (0.011)
s - 0.121 0.125 0.093 0.116 0.125 0.121
(std.) (0.600) (0.567) (0.477) (0.544) (0.564) (0.552)
My - 0.000 -0.001 0.0002 0.000° 0.000° 0.000?
(std.) (0.000) (-0.014) (-0.002) (-0.002) (-0.003) (0.006)
L, - 0.000 0.000? -0.001 0.000? 0.000? 0.000
(std.) (0.000) (-0.003) (-0.006) (0.004) (-0.083) (0.000)
M3 - 0.000 0.000? 0.000? 0.000? 0.000? 0.000°
(std.) (0.000) (-0.003) (-0.006) (0.005) (-0.079) (0.006)
7 - 0.086 0.091 0.065 0.069 0.100 0.092
(std.) (0.600) (0.609) (0.547) (0.557) (0.627) (0.617)
123 - 0.000 0.000° 0.0002 0.0002 0.000° 0.000%
(std.) (0.000) (0.024) (0.006) (-0.020) (0.325) (-0.029)
It.! - 3 4 6 5 4 5
LL -15968.1 | -15968.1 | -15968.1 | -15968.1 | -15968.1 | -15968.1 | -15968.1
AIC 14.00 14.00 14.00 14.00 14.00 14.00 14.00
BIC 64.47 64.47 64.47 64.47 64.47 64.47 64.47
E 0.826 0.78 0.82 0.71 0.73 0.90 0.80

' The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

by rounding

Table S5: Results of the classical and the iterative LCA for the well-chosen starting values in the
third simulation scenario

Para- | LCA for Starting Starting Starting Starting Starting Starting
meter | independent | values 1 values 2 values 3 values 4 | values 5 values 6
test

Prev 0.169 0.030 0.031 0.071 0.024 0.0002 0.029
IC1 0.161 0.027 0.028 0.066 0.021 0.0000 0.025
uCl 0.177 0.033 0.034 0.076 0.027 0.0006 0.032
Sen 1 0.130 0.900 0.912 0.328 0.859 0.036 0.888
IC1 0.124 0.894 0.906 0.319 0.852 0.032 0.882
uCl 0.137 0.906 0.918 0.337 0.866 0.040 0.894
Sen 2 0.896 0.701 0.672 0.799 0.836 0.670 0.726
IC1 0.890 0.692 0.662 0.791 0.828 0.661 0.717
uCl 0.902 0.710 0.681 0.807 0.843 0.679 0.735
Sen 3 0.843 0.650 0.621 0.748 0.766 1.000 0.676
IC1 0.835 0.640 0.612 0.739 0.758 NaN 0.667
uCl 0.850 0.659 0.631 0.756 0.774 NaN 0.685
Spe 1 0.982 0.990 0.991 0.986 0.984 0.963 0.988
IC1 0.979 0.988 0.990 0.983 0.981 0.960 0.986
uCl 0.985 0.992 0.993 0.988 0.986 0.967 0.991
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Spe 2 0.924 0.800 0.800 0.830 0.800 0.785 0.800
IC1 0919 0.792 0.792 0.822 0.792 0.777 0.792
uCl 0.929 0.808 0.808 0.837 0.808 0.793 0.808
Spe 3 0.973 0.850 0.850 0.880 0.850 0.835 0.850
IC1 0.970 0.843 0.843 0.873 0.843 0.828 0.667
uCl 0.976 0.857 0.857 0.886 0.857 0.843 0.685
7, 0.000 0.001 -0.005 -0.009 -0.078 0.001
(std.) (0.000) (0.005) (-0.027) (-0.066) (-0.892) (0.010)
M3 0.000 0.000? -0.005 -0.018 -0.049 0.000
(std.) (0.000) (-0.001) (-0.024) (-0.120) (NaN) (0.000)
My 0.121 0.129 0.085 0.104 -0.506 0.102
(std.) (0.600) (0.565) (0.487) (0.665) (NaN) (0.490)
M3 0.000 0.002 -0.001 0.002 0.099 0.003
(std.) (0.000) (0.037) (-0.014) (0.036) (NaN) (0.052)
7 0.000 0.000? 0.000? 0.001 0.013 0.000?
(std.) (0.000) (0.003) (0.007) (0.013) (0.169) (0.002)
Mis 0.000 0.000? 0.000? 0.001 0.013 0.000?
(std.) (0.000) (0.003) (0.006) (0.027) (0.186) (0.002)
7 0.086 0.086 0.067 0.084 0.094 0.086
(std.) (0.600) (0.601) (0.545) (0.590) (0.617) (0.601)
Mi23 0.000 0.000° 0.0002 0.000 -0.007 0.000?
(std.) (0.000) (-0.008) (-0.008) (0.000) (-0.245) (-0.008)
It.! - 4 5 9 6 4 5
LL -9522.50 | -9522.50 | -9522.50 | -9522.50 | -9522.50 | -9522.50 | -9522.50
AIC 14.00 14.00 14.00 14.00 14.00 14.00 14.00
BIC 64.47 64.47 64.47 64.47 64.47 64.47 64.47
E 0.80 0.74 0.74 0.64 0.78 0.61 0.74

' The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

by rounding

Table S6: Results of the classical and the iterative LCA for the well-chosen starting values in the
fourth simulation scenario

Para- | LCA for Starting Starting Starting Starting Starting Starting
meter | independent | values 1 values 2 values 3 values 4 values 5 values 6
test

Prev 0.375 0.400 0.402 0.402 0.395 0.345 0.380
IC1 0.374 0.390 0.392 0.393 0.385 0.336 0.370
uCl 0.384 0.410 0.411 0.412 0.405 0.355 0.390
Sen 1 0.790 0.800 0.793 0.791 0.844 0.741 0.805
1C1 0.782 0.792 0.785 0.783 0.837 0.732 0.797
uCl 0.798 0.808 0.801 0.800 0.850 0.749 0.813
Sen 2 0.794 0.660 0.642 0.694 0.666 0.711 0.716
1C1 0.787 0.651 0.633 0.685 0.656 0.702 0.707
uCl 0.803 0.669 0.652 0.703 0.675 0.720 0.725
Sen3 0.857 0.700 0.684 0.733 0.706 0.737 0.759
IC1 0.850 0.690 0.675 0.724 0.697 0.728 0.750
uCl 0.864 0.710 0.694 0.742 0.715 0.746 0.768
Spe 1 0.914 0.950 0.947 0.950 0.972 0.856 0.929
IC1 0.908 0.946 0.942 0.943 0.969 0.849 0.923
uCl 0.919 0.954 0.952 0.952 0.975 0.863 0.934
Spe 2 0.910 0.850 0.840 0.875 0.849 0.834 0.868
1C1 0.905 0.843 0.832 0.868 0.842 0.861
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uCl 0.916 0.857 0.847 0.881 0.856 0.827 0.874
0.842
Spe 3 0.951 0.880 0.871 0.905 0.880 0.851 0.898
IC1 0.944 0.874 0.865 0.899 0.873 0.844 0.892
uCl 0.955 0.886 0.878 0.910 0.886 0.858 0.904
;7;2 - 0.038 0.047 0.024 0.026 0.055 0.023
(std.) 0.200) | (0.242) | (0.130) |  (0.154) |  (0277) |  (0.127)
7 - 0.046 0.054 0.033 0.034 0.069 0.031
(std.) (0.250) | (0.287) | (0.182) |  (0.201) |  (0.357) |  (0.185)
s - 0.087 0.097 0.066 0.084 0.078 0.058
(std.) (0.400) | (0.435)| (0.330) |  (0.400) |  (0.390) |  (0.302)
s - -0.004 -0.005 -0.002 -0.005 -0.004 -0.004
(std.) (-0.050) | (-0.051) | (-0.022) | (-0.063) | (-0.045) | (-0.050)
7, - 0.016 0.020 0.009 0.009 0.036 0.011
(std.) (0.200) | (0.238) | (0.127) | (0.154) | (0.277) |  (0.126)
s - 0.018 0.021 0.012 0.009 0.046 0.013
(std.) (0.250) | (0.285) | (0.178) |  (0.173) |  (0.369) |  (0.164)
s - 0.046 0.051 0.033 0.047 0.052 0.034
(std.) (0.400) | (0.411) | (0.338) | (0.400) | (0.394) |  (0.330)
Toys - -0.001 -0.001 -0.001 -0.001 -0.004 -0.001
(std) (-0.050) | (-0.019) | (-0.051) | (-0.021) | (-0.091) | (-0.032)
It.! - 3 6 5 6 7 4
LL “15673.82 | -15673.8 | -15673.8 | -15673.8 | -15673.8 | -15673.8 | -15673.8
AIC 14.00 14.00 14.00 14.00 14.00 14.00 14.00
BIC 64.47 64.47 64.47 6447 64.47 64.47 64.47
E 0.80 0.72 0.70 0.74 0.76 0.67 0.80

! The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

Table S7: Results of the classical and the iterative LCA for the well-chosen starting values in the
fifth simulation scenario

Para- | LCA for Starting Starting Starting Starting Starting Starting
meter | independent | values 1 values 2 values 3 values 4 | values 5 values 6
test

Prev 0159 0.200 0.208 0.187 0.204 0.186 0.180
IC1 0.151 0.192 0.200 0.179 0.196 0.178 0.173
uCl 0.166 0.208 0.216 0.195 0.211 0.194 0.188
Sen 1 0916 0.720 0.691 0.781 0.729 0.748 0.801
IC1 0.910 0.711 0.682 0.773 0.720 0.740 0.793
uCl 0.921 0.729 0.700 0.789 0.737 0.757 0.809
Sen 2 0.830 0.650 0.622 0.706 0.645 0.684 0.725
IC1 0.822 0.641 0.613 0.700 0.635 0.675 0.716
uCl 0.837 0.659 0.632 0.714 0.654 0.693 0.733
Sen3 0.984 0.970 0.964 0.973 0.953 0.961 0.991
IC1 0.982 0.967 0.960 0.970 0.948 0.958 0.990
uCl 0.987 0.973 0.968 0.976 0.957 0.965 0.993
Spe 1 0.982 0.980 0.979 0.983 0.986 0.974 0.981
IC1 0.979 0.977 0.977 0.980 0.983 0.971 0.979
uCl 0.985 0.983 0.982 0.986 0.988 0.978 0.984
Spe 2 0.992 0.990 0.989 0.992 0.992 0.987 0.991
IC1 0.990 0.988 0.987 0.990 0.990 0.985 0.989
uCl 0.994 0.992 0.991 0.994 0.994 0.989 0.993
Spe 3 0.935 0.980 0.988 0.965 0.980 0.962 0.962
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IC1 0.930 0.977 0.986 0.962 0.977 0.958 0.958
uCl 0.940 0.983 0.990 0.969 0.983 0.965 0.966
7, - 0.129 0.145 0.094 0.121 0.127 0.084
(std.) (0.600) (0.649) (0.500) (0.568) (0.628) (0.470)
s - 0.008 0.011 0.005 0.007 0.015 0.002
(std.) (0.100) (0.126) (0.071) (0.072) (0.176) (0.042)
My - 0.012 0.017 0.009 0.023 0.016 0.002
(std.) (0.150) (0.191) (0.120) (0.227) (0.175) (0.036)
7 - 0.000 -0.001 -0.002 0.000? 0.0001 -0.002
(std.) (0.000) (-0.028) (-0.015) (-0.021) (0.018) (-0.110)
7 - 0.001 0.001 0.000 0.000? 0.002 0.001
(std.) (0.100) (0.072) (0.000) (0.020) (0.101) (0.058)
M3 - 0.003 0.004 0.000 0.000? 0.008 0.000°
(std.) (0.150) (0.241) (0.000) (0.064) (0.263) (-0.015)
7 - 0.001 0.002 0.000 0.000? 0.005 0.000?
(std.) (0.100) (0.164) (0.000) (0.001) (0.234) (-0.020)
Mi23 - 0.000 0.001 0.000 0.0002 0.000° 0.000?
(std.) (0.000) (0.312) (0.000) (0.169) (0.038) (0.169)
It.! - 3 6 7 6 7 6
LL -8624.43 | -8624.43 | -8624.43 | -8624.43 | -8624.43 | -8624.43 | -8624.43
AIC 14.00 14.00 14.00 14.00 14.00 14.00 14.00
BIC 64.47 64.47 64.47 64.47 64.47 64.47 64.47
E 0.95 0.92 0.92 0.91 0.91 0.91 0.93

' The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

by rounding

Table S8: Results of the iterative LCA for the poorly chosen starting values in the first simulation

scenario

Parameter | Starting values 1 Starting values 2 Starting values 3

Prevalence 0.500 0.302 0.304
(1C1LuCl) (0.469,0.531) (0.273,0.330) (0.275,0.332)
Sen 1 0.305 0.893 0.862
(1CLuCl) (0.276, 0.334 (0.874,0.912) (0.840,0.883)
Sen 2 0.284 0.859 0.816
(1C1LuCl) (0.256,0.312) (0.837,0.880) (0.791,0.840)
Sen 3 0.281 0.880 0.922
(1CLuCl) (0.253,0.309) (0.860,0.900) (0.906,0.939)
Spe 1 0.695 0.949 0.938
(1C1LuCl) (0.666,0.724) (0.935,0.963) (0.923,0.953)
Spe 2 0.716 0.964 0.948
(ICLuCl) (0.688,0.744) (0.953,0.976) (0.934,0.962)
Spe 3 0.719 0.978 0.999
(1C1LuCl) (0.691,0.747) (0.969,0.987) (0.996,1.000)
1y, (std.) 0.145 (0.700) -0.005 (-0.055) 0.029 (0.219)
771'3 (std.) 0.155 (0.750) 0.004 (0.041) -0.003 (-0.032)
77;'3 (std.) 0.148 (0.731) -0.006 (-0.049) -0.003 (-0.030)
771'23(std.) 0.051 (0.541) 0.006 (0.160) 0.002 (0.047)
11, (std.) 0.145 (0.700) 0.002 (0.041) 0.011 (0.200)
715 (std.) 0.155 (0.750) 0.003 (0.086) 0.001 (0.096)
755 (std.) 0.148 (0.731) 0.002 (0.063) 0.001 (0.095)
71,5(std.) -0.051 (-0.541) -0.002 (-0.385) -0.001 (-0.715)
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Iterations! 3 7 6
LL -1215.97 -1215.97 -1215.97
AIC 14.00 14.00 14.00
BIC 48.35 48.35 48.35
E 0.00 0.91 0.93

' The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

Table S9: Results of the iterative LCA for the poorly chosen starting values in the second simulation

scenario

Parameter | Starting values 1 | Starting values 2 Starting values 3
Prevalence 0.500 0.403 0.358
(1CLuCl) (0.490,0.510) (0.394,0.413) (0.349,0.367)
Sen 1 0.366 0.695 0.900
(1CLuCl) (0.357,0.375 (0.686,0.704) (0.895,0.907)
Sen 2 0.400 0.880 0.746
(1CL,uCl) (0.390,0.410) (0.874,0.886) (0.737,0.754)
Sen 3 0.350 0.828 0.696
(1C1uCl) (0.341,0.359) (0.821,0.836) (0.687,0.705)
Spe 1 0.634 0.856 0.932
(1CLuCl) (0.625,0.644) (0.849,0.863) (0.927,0.937)
Spe 2 0.600 0.925 0.792
(1CLuCl) (0.590,0.610) (0.919,0.930) (0.785,0.801)
Spe 3 0.650 0.973 0.843
(1CLuCl) (0.641,0.659) (0.970,0.977) (0.836,0.850)
177, (std.) 0.107 (0.453) 0.002 (0.015) 0.009 (0.065)
775 (std.) 0.107 (0.465) 0.002 (0.015) 0.009 (0.062)
1y, (std.) 0.160 (0.685) 0.012 (0.098) 0.096 (0.481)
77 ,5(std.) 0.018 (0.162) -0.001 (-0.020) 0.001 (0.012)
17, (std.) 0.107 (0.453) 0.000% (-0.013) 0.001 (0.009)
1715 (std.) 0.107 (0.465) 0.0007% (-0.015) 0.001 (0.008)
17,5 (std.) 0.160 (0.685) 0.0007 (-0.002) 0.091 (0.621)
171,5(std.) -0.018 (-0.163) 0.001(0.075) 0.0007 (0.025)
Iterations' 3 7 6
LL -15968.05 -15968.05 -15968.05
AIC 14.00 14.00 14.00
BIC 64.47 64.47 64.47
E 0.00 0.82 0.71

' The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

’by rounding

Table S10: Results of the iterative LCA for the poorly chosen starting values in the third simulation

scenario

Parameter | Starting values 1 Starting values 2 | Starting values 3

Prevalence 0.500 0.158 0.000
(1C1uCl) (0.490,0.510) (0.150,0.165) (0.000,0.010)
Sen 1 0.037 0.137 0.063
(1C1uCl) (0.033,0.040) (0.130,0.143) (0.059,0.068)
Sen 2 0.215 0.913 0.364
(1C1LuCl) (0.207,0.223) (0.908,0.919) (0.354,0.373)
Sen 3 0.165 0.866 0.655
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(ICLuClI) (0.158,0.172) (0.860,0.873) (0.646,0.665)
Spe 1 0.963 0.982 0.962
(ICLuCl) (0.960,0.967) (0.979,0.985) (0.959,0.966)
Spe 2 0.785 0.916 0.780
(ICLuCl) (0.777,0.793) (0.910,0.921) (0.771,0.788)
Spe 3 0.835 0.966 0.817
(ICLuCl) (0.828,0.842) (0.963,0.970) (0.809,0.825)
7y, (std.) 0.013 (0.168) -0.004 (-0.043) 0.024 (0.201)
75 (std.) 0.013 (0.185) -0.004 (-0.038) -0.029 (-0.253)
15, (std.) 0.094 (0.617) 0.006 (0.056) 0.056 (0.247)
77 ,5(std.) 0.007 (0.245) 0.000%(0.001) -0.002 (-0.513)
1, (std.) 0.013 (0.168) 0.001 (0.022) 0.014 (0.171)
715 (std.) 0.013 (0.185) 0.001 (0.024) 0.012 (0.161)
17, (std.) 0.094 (0.617) 0.002 (0.037) 0.095 (0.594)
71,5(std.) -0.007 (-0.245) -0.001 (-0.109) -0.007 (-0.218)
Iterations' 3 9 9
LL -9522.50 -9522.50 -9522.50
AIC 14.00 14.00 14.00
BIC 64.47 64.47 64.47
E 0.00 0.811 0.01

! The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

by rounding

Table S11: Results of the iterative LCA for the poorly chosen starting values in the fourth simulation

scenario

Parameter | Starting values 1 Starting values 2 | Starting values 3

Prevalence 0.500 0.386 0.053
(1CLuCl) (0.490,0.510) (0.377,0.397) (0.049,0.058)
Sen 1 0.350 0.770 1.000
(1CLuCl) (0.340,0.360) (0.762,0.778) (NaN,NaN)
Sen 2 0.354 0.774 0.849
(1C1LuCl) (0.345,0.363) (0.766,0.783) (0.842,0.856)
Sen 3 0.352 0.856 0.202
(1CLuCl) (0.343,0.361) (0.849,0.863) (194,0.210)
Spe 1 0.650 0914 0.688
(1C1LuCl) (0.64,0.660) (0.909,0.919) (0.679,0.697)
Spe 2 0.646 0.910 0.674
(1CLuCl) (0.637,0.655) (0.905,0.916) (0.665,0.683)
Spe 3 0.648 0.969 0.640
(1C1LuCl) (0.639,0.657) (0.962,0.969) (0.630,0.650)
1y, (std.) 0.116 (0.510) 0.013 (0.077) -0.161 (NaN)
177, (std.) 0.133 (0.585) 0.002 (0.014) -0.192 (NaN)
15, (std.) 0.134 (0.585) 0.002 (0.012) -0.179 (-1.246)
77 ,5(std.) 0.024 (0.216) 0.000% (-0.003) 0.154 (NaN)
77, (std.) 0.116 (0.510) 0.0007 (0.002) 0.112 (0.515)
7715 (std.) 0.133 (0.585) -0.001 (-0.020) 0.158 (0.709)
755 (std.) 0.134 (0.585) -0.001 (-0.020) 0.156 (0.691)
71,5(std.) -0.024 (-0.216) 0.012 (0.082) -0.039 (-0.378)
Iterations' 3 7 6
LL -15673.82 -15673.82 -15673.82
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AIC 14.00 14.00 14.00

BIC 64.47 64.47 64.47

E 0.00 0.80 0.00
! The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at
each step
’by rounding

Table S12: Results of the iterative LCA for the poorly chosen starting values in the fifth simulation

scenario

Parameter | Starting values 1 Starting values 2 | Starting values 3
Prevalence 0.500 0.173 0.000
(1CLuCl) (0.490,0.510) (0.166,0.180) (NaN,NaN)
Sen 1 0.160 0.924 0.473
(1CLuCl) (0.153,0.167) (0.919,0.929) (0.463,0.483)
Sen 2 0.138 0.755 0.786
(1CLuCl) (0.131,0.145) (0.746,0.762) (0.778,0.794)
Sen 3 0.210 0.900 0.670
(1C1,uCl) (0.202,0.218) (0.894,0.906) (0.660,0.679)
Spe 1 0.840 1.000 0.840
(1CLuCl) (0.833,0.847) (0.999,1.000) (0.833,0.847)
Spe 2 0.862 0.991 0.862
(1CLuCl) (0.855,0.869) (0.989,883) (0.855,0.869)
Spe 3 0.790 0.934 0.790
(1CLuCl) (0.782,0.798) (0.929,0.939) (0.782,0.798)
1y, (std.) 0.098 (0.779) 0.000% (-0.002) 0.174 (0.853)
775 (std.) 0.110 (0.738) 0.000%(0.003) 0.121 (0.516)
1y, (std.) 0.100 (0.718) 0.064 (0.495) 0.410 (2.126)
17} ,5(std.) 0.0612 (1.202) -0.001 (-0.027) -0.103 (-1.070)
17, (std.) 0.098 (0.779) 0.000%(0.025) 0.098 (0.779)
1715 (std.) 0.110 (0.738) 0.0007 (0.013) 0.110 (0.738)
1755 (std.) 0.100 (0.718) 0.001 (0.044) 0.101 (0.718)
N155(std.) -0.062 (-1.202) 0.0007 (-0.147) -0.062 (-1.202)
Iterations' 3 5 5
LL -8624.429 -8624.429 -8624.429
AIC 14.00 14.00 14.00
BIC 64.47 64.47 64.47
E 0.00 0.94 0.63

' The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

’by rounding

Table S13: Results of the classical and the iterative LCA for the well-chosen starting values in the

third simulation scenario with only positive pairwise dependencies allowed

Para- | LCA for Starting Starting Starting Starting Starting Starting
meter | independent | values | values 2 values 3 values 4 | values 5 values 6
test
Prev 0.169 0.030 0.031 0.071 0.024 0.028 0.029
IC1 0.161 0.027 0.028 0.066 0.021 0.025 0.025
uCl 0.177 0.033 0.034 0.076 0.027 0.031 0.032
Sen 1 0.130 0.900 0.912 0.325 0.857 0.958 0.888
IC1 0.124 0.894 0.906 0.316 0.850 0.953 0.882
uCl 0.137 0.906 0.918 0.334 0.864 0.962 0.894
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Sen 2 0.896 0.701 0.672 0.796 0.832 0.688 0.726
IC1 0.890 0.692 0.662 0.788 0.824 0.679 0.717
uCl 0.902 0.710 0.681 0.804 0.839 0.697 0.735
Sen 3 0.843 0.650 0.621 0.745 0.756 0.640 0.676
IC1 0.835 0.640 0.612 0.737 0.749 0.630 0.667
uCl 0.850 0.659 0.631 0.753 0.766 0.649 0.685
Spe 1 0.982 0.990 0.991 0.986 0.983 0.990 0.988
IC1 0.979 0.988 0.990 0.983 0.980 0.988 0.986
uCl 0.985 0.992 0.993 0.988 0.986 0.992 0.991
Spe 2 0.924 0.800 0.800 0.830 0.800 0.800 0.800
IC1 0919 0.792 0.792 0.822 0.792 0.790 0.792
uCl 0.929 0.808 0.808 0.837 0.808 0.810 0.808
Spe 3 0.973 0.850 0.850 0.880 0.850 0.849 0.850
IC1 0.970 0.843 0.843 0.873 0.843 0.842 0.667
uCl 0.976 0.857 0.857 0.886 0.857 0.856 0.685
s, - 0.000 0.000 0.000 0.001 0.000° 0.001
(std.) (0.000) (0.005) (0.000) (0.004) (0.002) (0.010)
s - 0.000 0.000 0.000 0.000 0.000? 0.000
(std.) (0.000) (0.000) (0.000) (0.000) (0.002) (0.000)
My - 0.121 0.129 0.082 0.102 0.111 0.102
(std.) (0.600) (0.565) (0.464) (0.637) (0.500) (0.490)
M 0s - 0.000 0.002 -0.001 0.004 0.009 0.003
(std.) (0.000) (0.037) (-0.004) (0.064) (0.196) (0.052)
7 - 0.000 0.000? 0.000? 0.001 0.000? 0.000°
(std.) (0.000) (0.003) (0.003) (0.013) (0.010) (0.002)
M3 - 0.000 0.000° 0.0002 0.001 0.000° 0.000%
(std.) (0.000) (0.003) (0.003) (0.024) (0.007) (0.002)
7 - 0.086 0.086 0.067 0.085 0.087 0.086
(std.) (0.600) (0.601) (0.548) (0.590) (0.604) (0.601)
Mi23 - 0.000 0.000° 0.0002 0.0002 0.000° 0.000%
(std.) (0.000) (-0.008) (0.009) (0.024) (-0.023) (-0.008)
Iteratio - 4 5 9 7 5 7
ns'
LL -9522.50 | -9522.50 | -9522.50 | -9522.50 | -9522.50 | -9522.50 | -9522.50
AIC 14.00 14.00 14.00 14.00 14.00 14.00 14.00
BIC 64.47 64.47 64.47 64.47 64.47 64.47 64.47
E 0.80 0.74 0.74 0.64 0.78 0.80 0.74

! The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

’by rounding

Table S14: Results of the iterative LCA for the third simulation scenario for the poorly chosen
starting values with only positive pairwise dependencies allowed

Parameter | Starting values 1 Starting values 2 Starting values 3

Prevalence 0.500 0.177 0.023
(1C1LuCl) (0.490,0.510) (0.150,0.165) (0.020,0.026)
Sen 1 0.037 0.121 0.977
(1CLuCl) (0.033,0.040) (0.115,0.128) (0.974,0.980)
Sen 2 0.215 0.862 0.759
(1C1LuCl) (0.207,0.223) (0.856,0.869) (0.751,0.768)
Sen 3 0.165 0.825 0.707
(1CLuCl) (0.158,0.172) (0.818,0.833) (0.698,0.761)
Spe 1 0.963 0.981 0.985
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(ICLuCl) (0.960,0.967) (0.978,0.985) (0.983,0.988)
Spe 2 0.785 0.924 0.797
(ICLuCl) (0.777,0.793) (0.919,0.930) (0.790,0.806)
Spe 3 0.835 0.977 0.847
(1CLuCl) (0.828,0.842) (0.974,0.980) (0.841,0.855)
nt, (std.) 0.013 (0.168) 0.000 (0.000) 0.011 (0.169)
77;'3 (std.) 0.013 (0.185) 0.000 (0.000) 0.010 (0.153)
77;3 (std.) 0.094 (0.617) 0.000 (0.000) 0.106 (0.546)
7o (std.) 0.007 (0.245) 0.0002(0.005) | -0.001 (-0.024)
N1, (std.) 0.013 (0.168) 0.002 (0.045) 0.001 (0.018)
7, (std) 0.013 (0.185) 0.001 (0.061) 0.001 (0.020)
7, (std.) 0.094 (0.617) 0.003 (0.071) 0.087 (0.601)
7, (std.) 20.007 (:0.245) | -0.002 (-0.289) 20.001 (-0.04)
Iterations! 3 6 4
LL -9522.498 -9522.498 -9522.498
AIC 14.00 14.00 14.00
BIC 64.47 64.47 64.47
E 0.00 0.77 0.01

' The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at
each step
by rounding

Table S15: Results of the Bayesian LCA for the well-chosen starting values in the first simulation
scenario

Para- Starting Starting Starting Starting Starting Starting

meter values 1 values 2 values 3 values 4 values 5 values 6

Prev 0.300 0.301 0.300 0.338 0.369 0.369
IC1 0.293 0.286 0.285 0.330 0.361 0.361
uCl 0.307 0.316 0.315 0.346 0.377 0.377
Sen 1 0.896 0.882 0.882 0.900 0.912 0.912
ICI 0.887 0.860 0.860 0.810 0.904 0.904
uCl 0.906 0.904 0.904 0.909 0.920 0.920
Sen 2 0.845 0.833 0.832 0.886 0.828 0.828
ICI 0.835 0.811 0.811 0.877 0.818 0.818
uCl 0.855 0.854 0.853 0.895 0.838 0.838
Sen 3 0.900 0.899 0.901 0.899 0.936 0.936
ICI 0.891 0.878 0.879 0.890 0.929 0.929
uCl 0.909 0.920 0.923 0.908 0.943 0.943
Spe 1 0.947 0.941 0.940 0.947 0.925 0.925
IC1 0.941 0.929 0.928 0.941 0.918 0.918
uCl 0.953 0.953 0.952 0.953 0.932 0.932
Spe 2 0.950 0.949 0.947 0.953 0.931 0.931
IC1 0.944 0.938 0.935 0.947 0.924 0.924
uCl 0.956 0.960 0.959 0.960 0.938 0.938
Spe 3 0.989 0.985 0.985 0.989 0.981 0.981
ICI 0.986 0.974 0.973 0.986 0.977 0.977
uCl 0.992 0.996 0.997 0.992 0.985 0.985
771'2 0.020 0.0223 0.021 0.017 0.019 0.018
77;3 0.000! 0.008 0.008 0.003 0.004 0.004
;7;3 0.002 0.007 0.008 -0.002 0.011 0.012
77;'23 0.000! 0.000! 0.000! 0.000! 0.019 0.000!
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M1, 0.005 0.009 0.011 0.003 0.004 0.019

i3 0.003 0.004 0.004 0.003 0.007 0.003

Mys 0.004 0.005 0.005 0.003 -0.001 0.007

Mi03 -0.001 0.000! 0.000! 0.000! -0.001 0.000!

Iterations 10000 10000 10000 10000 10000 10000
'by rounding

Table S16: Results of the Bayesian LCA for the well-chosen starting values in the second simulation

scenario

Para- Starting Starting Starting Starting Starting Starting

meter values 1 values 2 values 3 values 4 values 5 values 6

Prev 0.400 0.402 0.402 0.368 0.423 0.423
1C1 0.394 0.391 0.392 0.349 0.412 0.412
uCl 0.406 0.413 0.412 0.387 0.434 0.434
Sen 1 0.901 0.906 0.908 0.854 0.874 0.872
IC1 0.893 0.885 0.888 0.831 0.851 0.848
uCl 0.909 0.927 0.928 0.877 0.897 0.896
Sen 2 0.701 0.697 0.695 0.760 0.660 0.654
IC1 0.691 0.680 0.678 0.737 0.642 0.636
uCl 0.711 0.714 0.716 0.783 0.678 0.672
Sen 3 0.651 0.646 0.647 0.719 0.632 0.632
IC1 0.641 0.629 0.629 0.696 0.612 0.613
uCl 0.661 0.663 0.665 0.742 0.652 0.651
Spe 1 0.991 0.996 0.997 0.922 0.998 0.997
1C1 0.988 0.987 0.991 0.897 0.994 0.993
uCl 0.994 1.000 1.000 1.000 1.000 1.000
Spe 2 0.800 0.799 0.798 0.813 0.784 0.783
1C1 0.792 0.785 0.784 0.805 0.770 0.769
uCl 0.808 0.813 0.812 0.831 0.798 0.797
Spe 3 0.851 0.849 0.849 0.868 0.854 0.854
1C1 0.844 0.835 0.835 0.851 0.839 0.839
uCl 0.858 0.863 0.863 0.885 0.869 0.869
s, -0.005 -0.003 0.000" 0.002 0.031 0.033
771'3 -0.006 -0.002 -0.003 -0.012 0.008 0.008
77;'3 0.118 0.115 0.115 0.095 0.116 0.117
771'23 0.008 0.009 0.009 0.010 0.008 0.008
T1s 0.003 0.001 0.000' 0.005 0.000! 0.000!
Mis 0.003 0.001 0.000! 0.009 0.000! 0.000"
Nys 0.088 0.092 0.092 0.073 0.1011 0.101
M123 0.000" 0.000" 0.000! 0.003 0.000! 0.000"
Iterations 10000 10000 10000 10000 10000 10000

'by rounding

Table S17: Results of the Bayesian LCA for the well-chosen starting values in the third simulation

scenario

Para- Starting Starting Starting Starting Starting Starting

meter values 1 values 2 values 3 values 4 values 5 values 6

Prev 0.029 0.028 0.028 0.018 0.022 0.011
1C1 0.026 0.022 0.023 0.011 0.012 0.008
uCl 0.032 0.034 0.033 0.025 0.032 0.014
Sen 1 0.900 0.901 0.901 0.851 0.930 0.792
IC1 0.891 0.876 0.876 0.826 0.922 0.765
uCl 0.909 0.926 0.926 0.876 0.938 0.819
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Sen 2 0.700 0.697 0.698 0.752 0.659 0.800
I1C1 0.689 0.672 0.673 0.727 0.647 0.775
uCl 0.711 0.752 0.723 0.777 0.671 0.825
Sen 3 0.649 0.647 0.646 0.722 0.619 0.800
I1C1 0.637 0.622 0.621 0.697 0.607 0.776
uCl 0.661 0.673 0.672 0.747 0.631 0.826
Spe 1 0.989 0.988 0.988 0.979 0.983 0.967
I1C1 0.897 0.983 0.983 0.973 0.974 0.964
uCl 0.991 0.993 0.993 0.985 0.982 0.970
Spe 2 0.800 0.799 0.799 0.797 0.788 0.789
IC1 0.796 0.794 0.794 0.792 0.783 0.785
uCl 0.804 0.804 0.804 0.802 0.793 0.793
Spe 3 0.850 0.849 0.849 0.847 0.840 0.840
IC1 0.846 0.845 0.845 0.842 0.835 0.836
uCl 0.854 0.853 0.853 0.852 0.845 0.844
77;'2 0.016 0.014 0.015 0.039 0.011 0.053
77;3 0.008 0.009 0.006 0.031 0.006 0.053
77;3 0.129 0.128 0.127 0.085 0.126 0.056
77;23 0.010 0.009 0.009 0.000! 0.006 -0.008
5, 0.000! 0.001 0.000" 0.004 0.004 0.009
13 0.000! 0.001 0.000! 0.004 0.004 0.009
53 0.086 0.086 0.086 0.087 0.091 0.091
s 0.000' | 0.000" | 0.000" | -0.002|  -0.002|  -0.005
Iterations 10000 10000 10000 10000 10000 10000
'by rounding

Table S18: Results of the Bayesian LCA for the well-chosen starting values in the fourth simulation
scenario

Para- Starting Starting Starting Starting Starting Starting

meter values 1 values 2 values 3 values 4 values 5 values 6

Prev 0.400 0.400 0.397 0.393 0.365 0.315
IC1 0.393 0.379 0.371 0.383 0.325 0.295
uCl 0.407 0.421 0.423 0.403 0.405 0.335
Sen 1 0.800 0.807 0.815 0.853 0.613 0.787
ICI 0.790 0.763 0.771 0.839 0.574 0.738
uCl 0.810 0.851 0.859 0.876 0.652 0.836
Sen 2 0.660 0.673 0.670 0.716 0.625 0.778
ICI 0.650 0.636 0.637 0.699 0.582 0.728
uCl 0.670 0.710 0.703 0.733 0.668 0.838
Sen 3 0.701 0.717 0.719 0.753 0.615 0.781
IC1 0.691 0.678 0.683 0.742 0.576 0.732
uCl 0.711 0.756 0.755 0.764 0.654 0.830
Spe 1 0.950 0.955 0.956 0.978 0.802 0.849
IC1 0.944 0.926 0.924 0.967 0.773 0.824
uCl 0.956 0.984 0.988 0.989 0.831 0.874
Spe2 0.850 0.859 0.855 0.882 0.803 0.840
IC1 0.842 0.832 0.826 0.870 0.769 0.812
uCl 0.858 0.886 0.029 0.894 0.837 0.868
Spe 3 0.881 0.892 0.890 0911 0.801 0.844
ICI 0.873 0.866 0.858 0.899 0.771 0.817
uCl 0.889 0.918 0.922 0.923 0.831 0.871
77;2 0.036 0.016 0.026 -0.016 0.079 0.037
77;3 0.044 0.032 0.030 -0.009 0.138 0.054
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s 0.070 0.074 0.075 0.069 0.112 0.054
73 0.005 0.007 0.005 0.005 -0.009 -0.006
M1, 0.017 0.021 0.015 0.006 0.070 0.030
s 0.018 0.016 0.015 0.009 0.066 0.045
Mys 0.057 0.044 0.045 0.019 0.080 0.049
Mi0a -0.004 -0.004 -0.001 -0.002 -0.016 -0.004
Iterations 10000 10000 10000 10000 10000 10000

Table S19: Results of the Bayesian LCA for the well-chosen starting values in the fivth simulation
scenario

Para- Starting Starting Starting Starting Starting Starting

meter values 1 values 2 values 3 values 4 values 5 values 6

Prev 0.200 0.201 2 0.157 0.180 0.221
ICl1 0.196 0.180 0.161 0.166 0.212
uCl 0.204 0.222 0.163 0.194 0.230
Sen 1 0.717 0.700 2 0.772 0.685 0.679
ICl1 0.706 0.665 0.761 0.642 0.659
uCl 0.728 0.735 0.783 0.728 0.699
Sen 2 0.651 0.637 2 0.709 0.639 0.623
I1C1 0.641 0.602 0.694 0.592 0.595
uCl 0.661 0.672 0.722 0.686 0.651
Sen 3 0.970 0.959 2 0.976 0.955 0.940
I1C1 0.965 0.928 0.946 0.937 0917
uCl 0.975 0.990 0.996 0.973 0.963
Spe 1 0.979 0.976 2 0.958 0.955 0.986
ICl1 0.976 0.961 0.950 0.944 0.978
uCl 0.982 0.991 0.966 0.966 0.994
Spe 2 0.991 0.987 2 0.972 0.972 0.998
ICl1 0.988 0.974 0.964 0.965 0.995
uCl 0.994 1.000 0.980 0.979 1.000
Spe 3 0.980 0.978 2 0.936 0.954 0.996
IC1 0.976 0.956 0.925 0.940 0.988
uCl 0.984 1.000 0.947 0.968 1.000
771'2 0.127 0.131 2 0.124 0.155 0.126
77;'3 0.010 0.009 2 0.009 0.012 0.013
77;'3 0.003 0.008 2 0.008 0.008 0.006
771'23 0.004 0.007 2 0.000! 0.006 0.013
M7, 0.002 0.006 2 0.013 0.016 0.000!
M3 0.003 0.009 2 0.022 0.027 0.001
Mys 0.003 0.007 2 0.018 0.022 0.000'
M123 0.000! -0.004 2 -0.010 -0.013 0.000!
Iterations 10000 10000 80003 10000 10000 10000

'by rounding

’model did not converge and the algorithm aborted the calculation after 8000 Iterations

Table S20: Results of the Bayesian LCA for the poorly chosen starting values in the first simulation
scenario

Parameter | Starting values 1 Starting values 2 Starting values 3

Prevalence 0.791 0.262 0.263
(1C1LuCl) (0.501, 1.000) (0.250, 0.274) (0.242, 0.284)
Sen 1 0.335 0.851 0.716
(ICLuCl) (0.186, 0.484) (0.836, 0.866) (0.690, 0.742)
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Sen 2 0.329 0.853 0.700
(ICLuCl) (0.164, 0.658) (0.838, 0.868) (0.676, 0.724)
Sen 3 0.317 0.850 0.821
(ICLuCl) (0.163, 0.471) (0.835, 0.865) (0.747, 0.895)
Spe 1 0.522 0.900 0.826
(ICLuCl) (0.257, 0.787) (0.889, 0.911) (0.804, 0.848)
Spe 2 0.545 0.933 0.843
(ICLuCl) (0.277, 0.813) (0.919, 0.947) (0.813, 0.873)
Spe 3 0.555 0.932 0.897
(ICLuCl) (0.285, 0.825) (0.921,0.943) (0.855, 0.939)
7, 0.132 0.040 0.085
7t 0.139 0.044 0.092
7, 0.133 0.037 0.077
7 0.048 -0.007 -0.028
77, 0.036 0.022 0.090
7 0.038 0.036 0.071
s 0.035 0.021 0.069
Trs -0.008 -0.006 20.041
Tterations 10000 10000 10000

Table S21: Results of the Bayesian LCA for the poorly chosen starting values in the second
simulation scenario

Parameter | Starting values 1 | Starting values 2 Starting values 3

Prevalence 0.290 0.333 0.975
(1CLuCl) (0.155, 0.425) (0.315, 0.351) (0.970, 0.980)
Sen 1 0.595 0.882 0.390
(1C1uCl) (0.384, 0.806) (0.855, 0.909) (0.383, 0.397)
Sen 2 0.764 0.813 0.427
(1CLuCl) (0.533, 0.995) (0.790, 0.836) (0.420, 0.434)
Sen 3 0.752 0.787 0.378
(1CLuCl) (0.537, 0.967) (0.763, 0.811) (0.370, 0.386)
Spe 1 0.740 0.893 0.856
(1C1uCl) (0.656, 0.824) (0.876, 0.910) (0.832, 0.880)
Spe 2 0.766 0.810 0.928
(1CLuCl) (0.651, 0.881) (0.793, 0.829) (0.904, 0.952)
Spe 3 0.819 0.870 0.984
(1C1uCl) (0.701, 0.937) (0.855,0.885) (0.956, 1.000)
s, 0.012 0.013 0.109
77;'3 0.014 -0.005 0.110
77;3 0.027 0.048 0.164
77;'23 0.000! 0.004 0.014
M1, 0.067 -0.006 0.025
Mia 0.062 -0.005 0.006
Nys 0.089 0.079 0.005
M123 -0.017 0.005 -0.001
Iterations 10000 10000 10000

'by rounding

Table S22: Results of the Bayesian LCA for the poorly chosen starting values in the third scenario

Parameter

Starting values 1

Starting values 2

Starting values 3

Prevalence

0.894

0.036

0.027
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(1CLuCl) (0.815,0.973) (0.033,0.039) (0.021, 0.033)
Sen 1 0.018 0.796 0.603
(1CLuCl) (0.003, 0.033) (0.725, 0.867) (0.575, 0.631)
Sen 2 0.181 0.759 0.898
(1CLuCl) (0.149, 0.213) (0.705, 0.813) (0.873, 0.923)
Sen 3 0.140 0.725 0.845
(1CLuCl) (0.111, 0.169) (0.670, 0.780) (0.810, 0.880)
Spe 1 0.689 0.990 0.979
(1CLuCl) (0.451,0.927) (0.987, 0.993) (0.976, 0.982)
Spe 2 0.413 0.804 0.806
(1CLuCl) (0.160, 0.666) (0.799, 0.809) (0.800, 0.812)
Spe 3 0.522 0.854 0.855
(ICLuCl) (0.262, 0.782) (0.850, 0.858) (0.849, 0.861)
77;“2 0.005 -0.003 0.008
77;3 0.005 -0.019 0.021
77;3 0.082 0.094 0.033
77;'23 0.002 0.012 0.000!
M1, 0.010 0.000! 0.002
M3 0.031 0.000! 0.002
Nys 0.073 0.083 0.082
Ni23 -0.021 0.000! 0.000!
Iterations 10000 10000 10000
'by rounding

Table S23: Results of the Bayesian LCA for the poorly chosen starting values in the forth simulation
scenario

Parameter | Starting values 1 | Starting values 2 Starting values 3

Prevalence 0.418 0.403 0.373
(1CLuCl) (0.130, 0.706) (0.385,0.421) (0.364, 0.382)
Sen 1 0.444 0.635 0.775
(1CLuCl) (0.246, 0.642) (0.611, 0.659) (0.753,0.797)
Sen 2 0.402 0.639 0.782
(1CLuCl) (0.239, 0.565) (0.617, 661) (0.760, 0.804)
Sen 3 0.349 0.764 0.858
(1CLuCl) (0.159, 0.539) (0.737,0.791) (0.837, 0.879)
Spe 1 0.634 0.847 0.901
(1CLuCl) (0.518, 0.750) (0.828, 0.866) (0.889,0.913)
Spe 2 0.612 0.843 0.899
(1CLuCl) (0.489, 0.735) (0.824, 0.862) (0.885,0.913)
Spe 3 0.629 0.927 0.948
(1CLuCl) (0.527,731) (0.910, 0.944) (0.933, 0.963)
s, 0.064 0.083 0.017
771'3 0.081 0.077 0.004
77;'3 0.079 0.076 0.000'
771'23 0.016 0.015 0.000'
M1, 0.088 0.044 0.004
Mis 0.107 0.036 0.007
Mys 0.097 0.037 0.009
Mi23 -0.022 -0.011 0.000"
Iterations 10000 10000 10000

'by rounding
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Table S24: Results of the Bayesian LCA for the poorly chosen starting values in the fivth simulation

scenario

Parameter | Starting values 1 | Starting values 2 | Starting values 3

Prevalence 0.035 0.193 0.158
(1CLuCl) (0.007, 0.063) (0.183, 0.203) (0.154, 0.162)
Sen 1 0.406 0.801 0.906
(1CLuCl) (0.167, 0.645) (0.776 ,0.826) (0.885, 0.927)
Sen 2 0.351 0.724 0.825
(1C1uCl) (0.074, 0.628) (0.691, 0.757) (0.806, 0.844)
Sen 3 0.556 0.771 0.970
(1CLuCl) (0.313,0.799) (0.752, 0.790) (0.745, 0.795)
Spe 1 0.847 0.990 0.979
(1CLuCl) (0.838, 0.856) (0.980, 1.000) (0.975, 0.983)
Spe 2 0.865 0.998 0.990
(1CLuCl) (0.855,0.875) (0.995, 1.000) (0.985, 0.995)
Spe 3 0.802 0.922 0.931
(1C1uCl) (0.787, 0.817) (0.912, 0.932) (0.926, 0.936)
s, -0.004 0.055 0.009
77;3 0.023 0.102 0.012
77;3 0.010 0.126 0.009
77;23 0.002 -0.037 0.000!
ML, 0.101 0.001 0.002
Myis 0.110 0.008 0.004
Mys 0.103 0.000! 0.003
M123 -0.066 0.000! 0.000!
Iterations 10000 10000 10000

by rounding

Table S25: Results of the Bayesian LCA for the well-chosen starting values in the third simulation

scenario with only positive pairwise dependencies allowed

Para- Starting Starting Starting Starting Starting Starting

meter values 1 values 2 values 3 values 4 values 5 values 6

Prev 0.028 0.024 0.023 0.017 0.019 0.011
IC1 0.026 0.019 0.018 0.012 0.011 0.008
uCl 0.030 0.029 0.028 0.022 0.027 0.014
Sen 1 0.901 0.902 0.903 0.851 0.930 0.791
ICI 0.892 0.877 0.878 0.825 0.922 0.765
uCl 0.910 0.927 0.928 0.877 0.938 0.817
Sen 2 0.698 0.697 0.696 0.751 0.659 0.800
ICI 0.686 0.672 0.671 0.726 0.647 0.775
uCl 0.710 0.722 0.721 0.776 0.671 0.825
Sen 3 0.648 0.648 0.648 0.721 0.619 0.801
IC1 0.636 0.623 0.623 0.696 0.607 0.776
uCl 0.660 0.673 0.673 0.746 0.631 0.826
Spe 1 0.988 0.984 0.984 0.978 0.980 0.967
IC1 0.986 0.980 0.979 0.973 0.973 0.964
uCl 0.990 0.988 0.989 0.983 0.987 0.970
Spe 2 0.799 0.797 0.797 0.796 0.787 0.789
ICI 0.795 0.793 0.792 0.791 0.782 0.785
uCl 0.803 0.801 0.802 0.801 0.792 0.793
Spe 3 0.849 0.847 0.847 0.846 0.839 0.840
ICI 0.845 0.843 0.843 0.841 0.834 0.836
uCl 0.853 0.850 0.850 0.851 0.844 0.844
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771'2 0.027 0.031 0.031 0.054 0.022 0.073
771'3 0.026 0.029 0.029 0.053 0.021 0.075
77‘2"3 0.139 0.132 0.136 0.100 0.136 0.070
77‘1"23 0.004 0.001 0.000! -0.010 0.002 -0.019
M1, 0.001 0.003 0.003 0.005 0.005 0.009
M3 0.001 0.003 0.003 0.004 0.005 0.009
53 0.086 0.087 0.087 0.088 0.092 0.091
Ni23 0.000! 0.000! 0.000! -0.002 -0.003 -0.004
Iterations 10000 10000 10000 10000 10000 10000
by rounding

Table S26: Results of the Bayesian LCA for the poorly chosen starting values in the third simulation
scenario with only positive pairwise dependencies allowed

Parameter | Starting values 1 Starting values 2 | Starting values 3

Prevalence 0.711 0.034 0.024
(1CLuCl) (0.372, 1.000) (0.031, 0.037) (0.019, 0.029)
Sen 1 0.058 0.811 0.600
(ICLuCl) (0.000, 0.181) (0.716, 0.906) (0.573, 0.627)
Sen 2 0.219 0.721 0.897
(1C1LuCl) (0.057, 0.381) (0.660, 0.782) (0.872, 0.922)
Sen 3 0.185 0.686 0.846
(1CLuCl) (0.021, 0.349) (0.622, 0.75) (0.811, 0.881)
Spe 1 0.754 0.988 0.977
(1C1LuCl) (0.483, 1.000) (0.984, 0.992) (0.974, 0.980)
Spe 2 0.552 0.801 0.804
(ICLuCl) (0.334, 0.770) (0.796, 0.806) (0.799, 0.809)
Spe 3 0.615 0.851 0.853
(1C1LuCl) (0.386, 0.844) (0.847, 0.855) (0.848, 0.858)
7y, 0.009 0.026 0.029
s 0.010 0.021 0.044
My 0.073 0.119 0.044
M ya 0.003 0.007 -0.011
Mis 0.028 0.000! 0.003
Mis 0.030 0.000! 0.003
Mys 0.101 0.085 0.083
M123 -0.007 0.000! 0.000!
Iterations 10000 10000 10000

'by rounding
Anhang 2:

Der folgende Anhang entspricht den Supporting Information der Publikation II (Schoneberg
C, Bottcher J, Janowetz B, Rostalski A, Kreienbrock L, Campe A (2022) An intercomparison
study of ELISAs for the detection of porcine reproductive and respiratory syndrome virus —

evaluating six conditionally dependent tests. PLoS ONE 17(1): €0262944.

https://doi.org/10.1371/journal.pone.0262944).
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S1 Table. Starting values for the stepwise latent class algorithm for the complete data set

Parameter Starting Starting Starting Starting Starting Starting
values MI | values MR | values PI | values PR | values RI | values RR
Prevalence 0.70 0.70 0.72 0.72 0.74 0.74
Sensitivity 1 0.988 0.988 0.92 0.92 0.92 0.92
Sensitivity 2 0.999 0.999 0.92 0.92 0.90 0.90
Sensitivity 3 0.991 0.991 0.90 0.90 0.90 0.90
Sensitivity 4 0.999 0.999 0.96 0.96 0.90 0.90
Sensitivity 5 0.999 0.999 0.85 0.85 0.90 0.90
Sensitvity 6 0.999 0.999 0.95 0.95 0.99 0.99
Specifity 1 0.999 0.999 0.90 0.90 0.97 0.97
Specifity 2 0.998 0.998 0.98 0.98 0.97 0.97
Specifity 3 0.999 0.999 0.95 0.95 0.97 0.97
Specifity 4 0.999 0.999 0.99 0.99 0.97 0.97
Specifity 5 0.972 0.972 0.90 0.90 0.97 0.97
Specifity 6 0.999 0.999 0.95 0.95 0.70 0.70
771*21 0.000 0.007 0.000 0.005 0.000 0.003
771*31 0.000 0.012 0.000 0.006 0.000 0.010
771*41 0.000 0.008 0.000 0.005 0.000 0.007
771*51 0.000 0.015 0.000 0.015 0.000 0.018
771*61 0.000 0.030 0.000 0.030 0.000 0.031
77;31 0.000 0.009 0.000 0.010 0.000 0.008
77;41 0.000 0.008 0.000 0.010 0.000 0.008
77;51 0.000 0.010 0.000 0.010 0.000 0.010
77;61 0.000 0.013 0.000 0.015 0.000 0.014
77;41 0.000 0.007 0.000 0.005 0.000 0.005
77;51 0.000 0.008 0.000 0.008 0.000 0.008
77;61 0.000 0.011 0.000 0.010 0.000 0.011
77151 0.000 0.001 0.000 0.001 0.000 0.001
77161 0.000 0.008 0.000 0.008 0.000 0.008
77;61 0.000 0.032 0.000 0.028 0.000 0.028
77;'23‘ 0.000 0.008 0.000 0.005 0.000 0.005
77;'24‘ 0.000 0.007 0.000 0.007 0.000 0.007
77;25‘ 0.000 0.001 0.000 0.011 0.000 0.011
77;26‘ 0.000 0.009 0.000 0.008 0.000 0.008
77;34‘ 0.000 0.006 0.000 0.006 0.000 0.006
77;35‘ 0.000 0.007 0.000 0.007 0.000 0.007
77;36‘ 0.000 0.007 0.000 0.007 0.000 0.007
77;45‘ 0.000 0.006 0.000 0.006 0.000 0.006
77;46‘ 0.000 0.005 0.000 0.005 0.000 0.005
77;56‘ 0.000 0.010 0.000 0.010 0.000 0.010
77;34' 0.000 0.006 0.000 0.006 0.000 0.006
77;35' 0.000 0.007 0.000 0.007 0.000 0.007
77;36' 0.000 0.006 0.000 0.006 0.000 0.006
77;45' 0.000 0.007 0.000 0.007 0.000 0.007
77;46' 0.000 0.005 0.000 0.005 0.000 0.005
77;56' 0.000 0.007 0.000 0.007 0.000 0.007
77;45' 0.000 0.006 0.000 0.006 0.000 0.006
77;'46' 0.000 0.005 0.000 0.005 0.000 0.005
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Treg! 0.000 0.006 0.000 0.006 0.000 0.006
g 0.000 0.007 0.000 0.007 0.000 0.007
Tyag! 0.000 0.006 0.000 0.006 0.000 0.006
Tyac! 0.000 0.006 0.000 0.006 0.000 0.006
Ty, 0.000 0.006 0.000 0.006 0.000 0.006
e 0.000 0.006 0.000 0.006 0.000 0.006
Ty 0.000 0.005 0.000 0.005 0.000 0.005
Tyeg! 0.000 0.006 0.000 0.006 0.000 0.006
Trase! 0.000 0.006 0.000 0.006 0.000 0.006
Trane! 0.000 0.005 0.000 0.005 0.000 0.005
Trace! 0.000 0.005 0.000 0.005 0.000 0.005
Tree! 0.000 0.005 0.000 0.005 0.000 0.005
Trase! 0.000 0.005 0.000 0.005 0.000 0.005
Trase! 0.000 0.005 0.000 0.005 0.000 0.005
P! 0.000 0.005 0.000 0.005 0.000 0.005
T 0.000 0.005 0.000 0.005 0.000 0.005
T 0.000 0.005 0.000 0.005 0.000 0.005
Tyass 0.000 0.005 0.000 0.005 0.000 0.005
Tane. 0.000 0.004 0.000 0.004 0.000 0.004
T yce! 0.000 0.005 0.000 0.005 0.000 0.005
Ty se. 0.000 0.004 0.000 0.004 0.000 0.004
Tnee. 0.000 0.004 0.000 0.004 0.000 0.004
Trasee. 0.000 0.004 0.000 0.004 0.000 0.004
T yanse. 0.000 0.004 0.000 0.004 0.000 0.004
7, 0.000 0.070 0.000 0.050 0.000 0.070
7 0.000 0.085 0.000 0.050 0.000 0.050
7, 0.000 0.072 0.000 0.060 0.000 0.065
7 0.000 0.050 0.000 0.050 0.000 0.050
7 0.000 0.029 0.000 0.030 0.000 0.029
s 0.000 0.102 0.000 0.100 0.000 0.100
T, 0.000 0.099 0.000 0.100 0.000 0.099
e 0.000 0.058 0.000 0.060 0.000 0.058
Ty 0.000 0.028 0.000 0.030 0.000 0.028
T, 0.000 0.122 0.000 0.120 0.000 0.122
e, 0.000 0.056 0.000 0.055 0.000 0.056
e 0.000 0.034 0.000 0.035 0.000 0.034
e 0.000 0.067 0.000 0.065 0.000 0.067
e 0.000 0.030 0.000 0.030 0.000 0.030
e 0.000 0.021 0.000 0.020 0.000 0.020
Tiys 0.000 0.049 0.000 0.050 0.000 0.055
Ty 0.000 0.045 0.000 0.050 0.000 0.045
7! 0.000 0.033 0.000 0.035 0.000 0.033
T 0.000 0.020 0.000 0.020 0.000 0.020
Ty 0.000 0.041 0.000 0.040 0.000 0.041
Tae! 0.000 0.031 0.000 0.030 0.000 0.031
Tae! 0.000 0.020 0.000 0.020 0.000 0.020
T 0.000 0.031 0.000 0.020 0.000 0.025
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Miae' 0.000 0.019 0.000 0.020 0.000 0.019
Mise' 0.000 0.017 0.000 0.017 0.000 0.017
Myas' 0.000 0.053 0.000 0.053 0.000 0.053
Myas' 0.000 0.033 0.000 0.030 0.000 0.033
Mya6 0.000 0.017 0.000 0.017 0.000 0.017
Myas' 0.000 0.035 0.000 0.035 0.000 0.035
Mpse' 0.000 0.017 0.000 0.017 0.000 0.017
Myse' 0.000 0.015 0.000 0.015 0.000 0.015
Mass' 0.000 0.032 0.000 0.032 0.000 0.032
Mase' 0.000 0.018 0.000 0.018 0.000 0.018
Mase' 0.000 0.013 0.000 0.013 0.000 0.013
Mase' 0.000 0.013 0.000 0.013 0.000 0.013
Mipaa 0.000 0.037 0.000 0.036 0.000 0.036
Mipas 0.000 0.026 0.000 0.026 0.000 0.026
Moz 0.000 0.017 0.000 0.017 0.000 0.017
Mipas 0.000 0.026 0.000 0.026 0.000 0.026
Mioae 0.000 0.016 0.000 0.016 0.000 0.016
Nipse 0.000 0.014 0.000 0.012 0.000 0.012
Miaas 0.000 0.026 0.000 0.026 0.000 0.026
Mizae 0.000 0.016 0.000 0.015 0.000 0.016
Miase 0.000 0.014 0.000 0.014 0.000 0.014
Miase 0.000 0.013 0.000 0.013 0.000 0.013
Myaas 0.000 0.027 0.000 0.027 0.000 0.027
Nyz46 0.000 0.014 0.000 0.013 0.000 0.013
Myase 0.000 0.012 0.000 0.012 0.000 0.012
Mpsse 0.000 0.012 0.000 0.012 0.000 0.012
Masse 0.000 0.011 0.000 0.015 0.000 0.015
Mip345 0.000 0.020 0.000 0.020 0.000 0.020
o346 0.000 0.013 0.000 0.013 0.000 0.013
Nip3s6 0.000 0.011 0.000 0.011 0.000 0.011
Mioase 0.000 0.010 0.000 0.010 0.000 0.010
Mia4s56 0.000 0.010 0.000 0.010 0.000 0.010
Myase 0.000 0.009 0.000 0.009 0.000 0.009
Mip3a56 0.000 0.008 0.000 0.008 0.000 0.008

! 77;. is the dependency of the sensitivities of test i and test j; m; is the dependency of the specifities

of test i and test j

S2 Table. Starting values for the stepwise latent class algorithm for the vaccinated subgroup

Parameter Starting Starting Starting Starting
values MI | values MR values RI values RR

Prevalence 0.87 0.87 0.84 0.84
Sensitivity 1 0.988 0.988 0.92 0.92
Sensitivity 2 0.999 0.999 0.90 0.90
Sensitivity 3 0.991 0.991 0.90 0.90
Sensitivity 4 0.999 0.999 0.90 0.90
Sensitivity 5 0.999 0.999 0.90 0.90
Sensitvity 6 0.999 0.999 0.99 0.99
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Specifity 1 0.999 0.999 0.97 0.97
Specifity 2 0.998 0.998 0.97 0.97
Specifity 3 0.999 0.999 0.97 0.97
Specifity 4 0.999 0.999 0.97 0.97
Specifity 5 0.972 0.972 0.97 0.97
Specifity 6 0.999 0.999 0.70 0.70
7 0.000 0.016 0.000 0.016
i 0.000 0.012 0.000 0.012
7, 0.000 0.008 0.000 0.008
7 0.000 0.021 0.000 0.021
] 0.000 0.030 0.000 0.030
7 0.000 0.009 0.000 0.009
7, 0.000 0.008 0.000 0.008
! 0.000 0.010 0.000 0.010
] 0.000 0.013 0.000 0.013
, 0.000 0.007 0.000 0.007
e 0.000 0.008 0.000 0.008
] 0.000 0.011 0.000 0.011
7! 0.000 0.001 0.000 0.001
7 0.000 0.008 0.000 0.008
7! 0.000 0.032 0.000 0.032
7! 0.000 0.008 0.000 0.008
7, 0.000 0.007 0.000 0.007
7! 0.000 0.011 0.000 0.011
7t 0.000 0.009 0.000 0.009
7, 0.000 0.006 0.000 0.006
e 0.000 0.007 0.000 0.007
T 0.000 0.007 0.000 0.007
7! 0.000 0.006 0.000 0.006
7 0.000 0.005 0.000 0.005
7! 0.000 0.010 0.000 0.010
Ty 0.000 0.006 0.000 0.006
i 0.000 0.007 0.000 0.007
T 0.000 0.006 0.000 0.006
! 0.000 0.007 0.000 0.007
7! 0.000 0.005 0.000 0.005
Teg! 0.000 0.007 0.000 0.007
7! 0.000 0.006 0.000 0.006
T 0.000 0.005 0.000 0.005
Theg! 0.000 0.006 0.000 0.006
g 0.000 0.007 0.000 0.007
Ty 0.000 0.006 0.000 0.006
T yac! 0.000 0.006 0.000 0.006
Ty, 0.000 0.006 0.000 0.006
Thye! 0.000 0.006 0.000 0.006
T 0.000 0.005 0.000 0.005
Tyee! 0.000 0.006 0.000 0.006
Trase! 0.000 0.006 0.000 0.006




Anhinge

93

s 0.000 0.005 0.000 0.005
e 0.000 0.005 0.000 0.005
e 0.000 0.005 0.000 0.005
Trass 0.000 0.005 0.000 0.005
Trase 0.000 0.005 0.000 0.005
Trace! 0.000 0.005 0.000 0.005
e 0.000 0.005 0.000 0.005
Ty 0.000 0.005 0.000 0.005
Tyass! 0.000 0.005 0.000 0.005
T yase. 0.000 0.004 0.000 0.004
T yace! 0.000 0.005 0.000 0.005
Ty ee! 0.000 0.004 0.000 0.004
Traree. 0.000 0.004 0.000 0.004
Tasce! 0.000 0.004 0.000 0.004
T asce. 0.000 0.004 0.000 0.004
7, 0.000 0.081 0.000 0.081
7 0.000 0.085 0.000 0.085
L, 0.000 0.072 0.000 0.072
7 0.000 0.050 0.000 0.050
. 0.000 0.029 0.000 0.029
s 0.000 0.102 0.000 0.102
T, 0.000 0.099 0.000 0.099
e 0.000 0.058 0.000 0.058
Ty 0.000 0.028 0.000 0.028
T, 0.000 0.122 0.000 0.122
e, 0.000 0.056 0.000 0.056
e, 0.000 0.034 0.000 0.034
e 0.000 0.067 0.000 0.067
e 0.000 0.030 0.000 0.030
e 0.000 0.021 0.000 0.021
Tys 0.000 0.049 0.000 0.049
Ty 0.000 0.045 0.000 0.045
e 0.000 0.033 0.000 0.033
T 0.000 0.020 0.000 0.020
Trag! 0.000 0.041 0.000 0.041
Tae 0.000 0.031 0.000 0.031
Tae! 0.000 0.020 0.000 0.020
T 0.000 0.031 0.000 0.031
Toe! 0.000 0.019 0.000 0.019
Tee! 0.000 0.017 0.000 0.017
Tyas! 0.000 0.053 0.000 0.053
e 0.000 0.033 0.000 0.033
Tyae! 0.000 0.017 0.000 0.017
Tyse! 0.000 0.035 0.000 0.035
Tse! 0.000 0.017 0.000 0.017
e 0.000 0.015 0.000 0.015
Tuse! 0.000 0.032 0.000 0.032
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Mase' 0.000 0.018 0.000 0.018
Maee! 0.000 0.013 0.000 0.013
Myee! 0.000 0.013 0.000 0.013
Mipza 0.000 0.037 0.000 0.037
Myas 0.000 0.026 0.000 0.026
Mpa 0.000 0.017 0.000 0.017
Mipas' 0.000 0.026 0.000 0.026
Mpae 0.000 0.016 0.000 0.016
Mipse 0.000 0.014 0.000 0.014
Mians' 0.000 0.026 0.000 0.026
Maa 0.000 0.016 0.000 0.016
Mase 0.000 0.014 0.000 0.014
Miase 0.000 0.013 0.000 0.013
Myans' 0.000 0.027 0.000 0.027
Nyasg 0.000 0.014 0.000 0.014
Nyase 0.000 0.012 0.000 0.012
Nyase. 0.000 0.012 0.000 0.012
M3sse 0.000 0.011 0.000 0.011
M p3a5 0.000 0.020 0.000 0.020
M p346 0.000 0.013 0.000 0.013
M p356 0.000 0.011 0.000 0.011
Npase 0.000 0.010 0.000 0.010
Mz4s6 0.000 0.010 0.000 0.010
Myasse. 0.000 0.009 0.000 0.009
23456 0.000 0.008 0.000 0.008

! 775. is the dependency of the sensitivities of test i and test j; 7;; is the dependency of the specifities
of test i and test j

S3 Table. Resulting values for the stepwise latent class algorithm for the complete data set for the six
starting value sets

Parameter Starting Starting Starting Starting Starting Starting
values MI | values MR | values PI | values PR | values RI | values RR
Prevalence 0.7545134 | 0.7666076 | 0.7567326 | 0.7679239 | 0.7529343 | 0.7637762
ICI 0.7247642 | 0.7373689 | 0.7270746 | 0.7387427 | 0.7231208 | 0.7344151
uCl 0.7842626 | 0.7958463 | 0.7863905 | 0.7971050 | 0.7827478 | 0.7931373
Sensitivity 1 0.8885030 | 0.8767316 | 0.8864680 | 0.8756724 | 0.8899512 | 0.8792851
IC1 0.8667465 | 0.8540074 | 0.8645391 | 0.8528646 | 0.8683189 | 0.8567648
uCl 0.9102595 | 0.8994557 | 0.9083970 | 0.8984801 | 0.9115836 | 0.9018053
Sensitivity 2 0.8436503 | 0.8309218 | 0.8415248 | 0.8297584 | 0.8451777 | 0.8335559
IC1 0.8185454 | 0.8050127 | 0.8162818 | 0.8037785 | 0.8201732 | 0.8078087
uCl 0.8687551 | 0.8568309 | 0.8667679 | 0.8557382 | 0.8701822 | 0.8593031
Sensitivity 3 0.7969744 | 0.7845615 | 0.7948701 | 0.7833689 | 0.7984812 | 0.7871817
IC1 0.7691692 | 0.7561428 | 0.7669581 | 0.7548934 | 0.7707532 | 0.7588893
uCl 0.8247796 | 0.8129801 | 0.8227820 | 0.8118444 | 0.8262092 | 0.8154741
Sensitivity 4 0.7561575 | 0.7450837 | 0.7540996 | 0.7438616 | 0.7576277 | 0.7476597
ICI 0.7264758 | 0.7149585 | 0.7243335 | 0.7136891 | 0.7280069 | 0.7176354
uCl 0.7858392 | 0.7752088 | 0.7838657 | 0.7740341 | 0.7872486 | 0.7776841
Sensitivity 5 0.9129749 | 0.9048626 | 0.9112788 | 0.9036336 | 0.9141841 | 0.9070473




Anhinge

ICI 0.8934908 | 0.8845814 | 0.8916240 | 0.8832356 | 0.8948231 | 0.8869761
uCl 0.9324589 | 0.9251439 | 0.9309335 | 0.9240316 | 0.9335452 | 0.9271186
Sensitvity 6 | 0.9525908 | 0.9498199 | 0.9513969 | 0.9490386 | 0.9534354 | 0.9513975
ICl 0.9379011 | 0.9347291 | 0.9365327 | 0.9338370 | 0.9388707 | 0.9365334
uCl 0.9672805 | 0.9649108 | 0.9662611 | 0.9642403 | 0.9680001 | 0.9662616
Specifity 1 0.9492908 | 0.9540399 | 0.9506034 | 0.9552470 | 0.9483496 | 0.9523384
ICl 0.9341248 | 0.9395654 | 0.9356246 | 0.9409549 | 0.9330511 | 0.9376116
uCl 0.9644568 | 0.9685143 | 0.9655822 | 0.9695392 | 0.9636481 | 0.9670652
Specifity 2 | 0.9684986 | 0.9687751 | 0.9692956 | 0.9694612 | 0.9679626 | 0.9677067
ICl 0.9564249 | 0.9567527 | 0.9573707 | 0.9575674 | 0.9557899 | 0.9554871
uCl 0.9805724 | 0.9807974 | 0.9812206 | 0.9813550 | 0.9801353 | 0.9799263
Specifity 3 | 0.9821027 | 0.9817019 | 0.9826638 | 0.9821019 | 0.9817152 | 0.9809894
ICI 0.9729384 | 0.9724375 | 0.9736417 | 0.9729374 | 0.9724540 | 0.9715496
uCl 0.9912670 | 0.9909664 | 0.9916859 | 0.9912664 | 0.9909764 | 0.9904291
Specifity 4 | 0.9883819 | 0.9905897 | 0.9887722 | 0.9907187 | 0.9881036 | 0.9901010
ICI 0.9809746 | 0.9839158 | 0.9814889 | 0.9840903 | 0.9806091 | 0.9832577
uCl 0.9957891 | 0.9972635 | 0.9960554 | 0.9973471 | 0.9955980 | 0.9969443
Specifity 5 | 0.8775750 | 0.8918949 | 0.8795105 | 0.8923472 | 0.8762073 | 0.8894086
ICI 0.8549178 | 0.8704310 | 0.8570084 | 0.8709229 | 0.8534418 | 0.8677296
uCl 0.9002321 | 0.9133587 | 0.9020126 | 0.9137716 | 0.8989729 | 0.9110876
Specifity 6 | 0.7713395 | 0.7997516 | 0.7742294 | 0.8014178 | 0.7692863 | 0.7958679
ICI 0.7423096 | 0.7720892 | 0.7453295 | 0.7738420 | 0.7401652 | 0.7680064
uCl 0.8003695 | 0.8274140 | 0.8031293 | 0.8289935 | 0.7984075 | 0.8237294
7! 0.0160583 | 0.0157224 | 0.0155491 | 0.0152712 | 0.0164139 | 0.0164217
7 0.0127707 | 0.0130732 | 0.0123663 | 0.0127620 | 0.0130512 | 0.0136039
7t 0.0078364 | 0.0071215 | 0.0075776 | 0.0069914 | 0.0080154 | 0.0074637
7! 0.0215780 | 0.0195980 | 0.0210145 | 0.0191953 | 0.0219715 | 0.0203212
7! 0.0308721 | 0.0289343 | 0.0301886 | 0.0281790 | 0.0313640 | 0.0298910
7! 0.0089938 | 0.0090419 | 0.0086850 | 0.0088119 | 0.0092127 | 0.0094733
! 0.0080675 | 0.0072983 | 0.0078000 | 0.0071637 | 0.0082591 | 0.0076593
7! 0.0141282 | 0.0136593 | 0.0137060 | 0.0133439 | 0.0144215 | 0.0142361
7! 0.0128971 | 0.0133050 | 0.0125348 | 0.0129251 | 0.0131537 | 0.0138397
7! 0.0071134 | 0.0066447 | 0.0068761 | 0.0065212 | 0.0072823 | 0.0069677
7! 0.0080491 | 0.0079772 | 0.0077849 | 0.0078062 | 0.0082302 | 0.0083386
7! 0.0116525 | 0.0122630 | 0.0113183 | 0.0120174 | 0.0118839 | 0.0127084
7! 0.0101958 | 0.0083930 | 0.0098750 | 0.0082822 | 0.0104238 | 0.0088043
7! 0.0083727 | 0.0070406 | 0.0081279 | 0.0069618 | 0.0085494 | 0.0073655
7! 0.0329482 | 0.0295674 | 0.0322496 | 0.0291915 | 0.0334719 | 0.0306336
7t 0.0083832 | 0.0084755 | 0.0081127 | 0.0082766 | 0.0085741 | 0.0088549
7, 0.0068689 | 0.0063724 | 0.0066559 | 0.0062621 | 0.0070204 | 0.0066644
7! 0.0108430 | 0.0105979 | 0.0105335 | 0.0103551 | 0.0110550 | 0.0110236
7! 0.0094003 | 0.0097685 | 0.0091566 | 0.0095190 | 0.0095705 | 0.0101277
7t 0.0064745 | 0.0061039 | 0.0062711 | 0.0059971 | 0.0066185 | 0.0063835
e 0.0070052 | 0.0069975 | 0.0067916 | 0.0068550 | 0.0071505 | 0.0072941
7t 0.0072547 | 0.0076639 | 0.0070510 | 0.0075010 | 0.0073970 | 0.0079525
7t 0.0066263 | 0.0061672 | 0.0064286 | 0.0060606 | 0.0067618 | 0.0064371
7! 0.0051269 | 0.0049601 | 0.0049907 | 0.0048864 | 0.0052217 | 0.0051559
7! 0.0097529 | 0.0095597 | 0.0095638 | 0.0093995 | 0.0098804 | 0.0098247
7! 0.0063089 | 0.0059637 | 0.0061123 | 0.0058559 | 0.0064540 | 0.0062402
7! 0.0069300 | 0.0069143 | 0.0067142 | 0.0067643 | 0.0070818 | 0.0072185
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My 0.0066345 | 0.0069127 | 0.0064395 | 0.0067571 | 0.0067749 | 0.0071968
Myss' 0.0069156 | 0.0063808 | 0.0067063 | 0.0062687 | 0.0070651 | 0.0066714
My 0.0055026 | 0.0052415 | 0.0053506 | 0.0051593 | 0.0056140 | 0.0054626
Myse' 0.0068492 | 0.0070009 | 0.0066869 | 0.0068607 | 0.0069614 | 0.0072409
Mass' 0.0061491 | 0.0058513 | 0.0059602 | 0.0057467 | 0.0062829 | 0.0061146
Mase' 0.0052223 | 0.0050585 | 0.0050743 | 0.0049785 | 0.0053301 | 0.0052715
Mase' 0.0057426 | 0.0059460 | 0.0055897 | 0.0058393 | 0.0058478 | 0.0061641
Mase' 0.0069649 | 0.0060012 | 0.0067865 | 0.0059414 | 0.0070928 | 0.0062477
Tz 0.0060074 | 0.0057037 | 0.0058277 | 0.0056075 | 0.0061400 | 0.0059583
T yas 0.0066324 | 0.0066490 | 0.0064333 | 0.0065123 | 0.0067721 | 0.0069311
Tz 0.0064515 | 0.0067580 | 0.0062670 | 0.0066114 | 0.0065837 | 0.0070275
T as 0.0060657 | 0.0057158 | 0.0058892 | 0.0056183 | 0.0061909 | 0.0059628
T ac 0.0047916 | 0.0046742 | 0.0046649 | 0.0046026 | 0.0048841 | 0.0048605
e 0.0064590 | 0.0066298 | 0.0062985 | 0.0064930 | 0.0065698 | 0.0068653
77;345‘ 0.0057306 | 0.0054879 | 0.0055614 | 0.0053936 | 0.0058502 | 0.0057251
77;346‘ 0.0049015 | 0.0047741 | 0.0047674 | 0.0047014 | 0.0049990 | 0.0049678
77;356‘ 0.0056442 | 0.0058104 | 0.0054900 | 0.0057019 | 0.0057510 | 0.0060306
77;456‘ 0.0047007 | 0.0045768 | 0.0045801 | 0.0045065 | 0.0047847 | 0.0047516
77;345‘ 0.0055477 | 0.0053298 | 0.0053862 | 0.0052357 | 0.0056668 | 0.0055620
77;346‘ 0.0047447 | 0.0046366 | 0.0046171 | 0.0045638 | 0.0048422 | 0.0048265
77;356‘ 0.0052913 | 0.0054652 | 0.0051466 | 0.0053573 | 0.0053952 | 0.0056788
77;456‘ 0.0048809 | 0.0047206 | 0.0047546 | 0.0046473 | 0.0049733 | 0.0056788
77;456‘ 0.0046350 | 0.0045586 | 0.0045120 | 0.0044879 | 0.0047246 | 0.0047394
77;2345‘ 0.0052804 | 0.0050957 | 0.0051334 | 0.0050119 | 0.0053887 | 0.0053087
77;2346‘ 0.0045151 | 0.0044321 | 0.0043995 | 0.0043680 | 0.0046036 | 0.0046058
77;2356‘ 0.0050298 | 0.0052213 | 0.0048992 | 0.0051249 | 0.0051234 | 0.0054154
77;2456‘ 0.0042258 | 0.0041885 | 0.0041225 | 0.0041257 | 0.0043011 | 0.0043442
77;'3456‘ 0.0043098 | 0.0042676 | 0.0042010 | 0.0042045 | 0.0043889 | 0.0044288
77;3456‘ 0.0041700 | 0.0041420 | 0.0040666 | 0.0040788 | 0.0042492 | 0.0042999
77;'234561 0.0039697 | 0.0039606 | 0.0038762 | 0.0039050 | 0.0040414 | 0.0041047
7, 0.0804363 | 0.0888623 | 0.0818446 | 0.0895466 | 0.0794234 | 0.0871423
s 0.0836392 | 0.0915566 | 0.0849911 | 0.0922259 | 0.0826717 | 0.0899027
s 0.0705120 | 0.0778084 | 0.0718170 | 0.0784721 | 0.0695807 | 0.0762048
7' 0.0485143 | 0.0542293 | 0.0497000 | 0.0550206 | 0.0476705 | 0.0527314
e 0.0283202 | 0.0301515 | 0.0292386 | 0.0307519 | 0.0276676 | 0.0289379
75" 0.1009448 | 0.1093372 | 0.1022793 | 0.1100281 | 0.0999770 | 0.1077262
My 0.0978313 | 0.1054391 | 0.0991301 | 0.1061349 | 0.0968913 | 0.1038674
7' 0.0563866 | 0.0622800 | 0.0575692 | 0.0631081 | 0.0555339 | 0.0607915
M 0.0272217 | 0.0290233 | 0.0280770 | 0.0295793 | 0.0266073 | 0.0278969
My 0.1202998 | 0.1272379 | 0.1215088 | 0.1279145 | 0.1194288 | 0.1257664
Mss' 0.0553636 | 0.0609566 | 0.0564846 | 0.0617613 | 0.0545598 | 0.0595365
Ms' 0.0335389 | 0.0352238 | 0.0343786 | 0.0357656 | 0.0329413 | 0.0341226
Mas' 0.0658047 | 0.0708853 | 0.0669047 | 0.0716833 | 0.0650165 | 0.0694970
Mas! 0.0294466 | 0.0310463 | 0.0302588 | 0.0315735 | 0.0288687 | 0.0299829
Mse' 0.0204275 | 0.0205425 | 0.0211785 | 0.0211904 | 0.0198847 | 0.0194923
Nipz 0.0484458 | 0.0519566 | 0.0490241 | 0.0521798 | 0.0480207 | 0.0513233

o 0.0446394 | 0.0478864 | 0.0452097 | 0.0481181 | 0.0442220 | 0.0472536
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77I251 0.0325730 | 0.0354490 | 0.0331894 | 0.0358442 | 0.0321240 | 0.0347171
77I261 0.0194242 | 0.0200989 | 0.0199577 | 0.0204462 | 0.0190360 | 0.0194060
77;341 0.0404228 | 0.0430980 | 0.0409152 | 0.0432997 | 0.0400649 | 0.0425563
77;351 0.0307727 | 0.0333907 | 0.0313551 | 0.0337725 | 0.0303525 | 0.0326988
77;361 0.0190785 | 0.0195724 | 0.0195931 | 0.0199068 | 0.0187091 | 0.0189092
77;451 0.0305481 | 0.0330029 | 0.0311068 | 0.0333656 | 0.0301454 | 0.0323417
77;461 0.0187855 | 0.0193427 | 0.0192841 | 0.0196637 | 0.0184272 | 0.0186991
77;561 0.0160575 | 0.0156599 | 0.0165772 | 0.0161285 | 0.0156763 | 0.0149306
77;341 0.0526338 | 0.0550674 | 0.0530182 | 0.0552208 | 0.0523454 | 0.0546738
77;351 0.0322814 | 0.0348486 | 0.0327967 | 0.0352051 | 0.0319015 | 0.0342427
77;361 0.0165794 | 0.0170389 | 0.0170110 | 0.0173115 | 0.0162641 | 0.0164843
77;451 0.0341234 | 0.0363726 | 0.0346180 | 0.0367159 | 0.0337592 | 0.0357966
77;461 0.0169468 | 0.0174061 | 0.0173680 | 0.0176725 | 0.0166391 | 0.0168669
77;561 0.0146511 | 0.0141594 | 0.0151085 | 0.0145775 | 0.0143103 | 0.0135131
77;451 0.0313945 | 0.0333127 | 0.0318146 | 0.0336152 | 0.0310871 | 0.0328227
77;461 0.0178064 | 0.0180837 | 0.0181825 | 0.0183192 | 0.0175352 | 0.0176049
77;56‘ 0.0130313 | 0.0125064 | 0.0134565 | 0.0128926 | 0.0127185 | 0.0119065
77;56‘ 0.0128839 | 0.0123522 | 0.0132861 | 0.0127201 | 0.0125878 | 0.0117866
77;234‘ 0.0364099 | 0.0390985 | 0.0368649 | 0.0392825 | 0.0360770 | 0.0385927
77;235‘ 0.0259208 | 0.0281754 | 0.0263915 | 0.0284794 | 0.0255765 | 0.0276185
77;236‘ 0.0162598 | 0.0166903 | 0.0166811 | 0.0169641 | 0.0159527 | 0.0161445
77;245‘ 0.0260387 | 0.0281557 | 0.0264929 | 0.0284452 | 0.0257069 | 0.0276204
77;246‘ 0.0153434 | 0.0157627 | 0.0157375 | 0.0160175 | 0.0150557 | 0.0152513
77;256‘ 0.0130928 | 0.0126735 | 0.0134954 | 0.0130438 | 0.0127918 | 0.0121013
77;345‘ 0.0252551 | 0.0272686 | 0.0257011 | 0.0275605 | 0.0249327 | 0.0267398
77;346‘ 0.0157147 | 0.0160625 | 0.0161101 | 0.0163171 | 0.0154302 | 0.0155528
77;356‘ 0.0132412 | 0.0128136 | 0.0136446 | 0.0131796 | 0.0129444 | 0.0122469
77;456‘ 0.0123708 | 0.0119651 | 0.0127462 | 0.0123069 | 0.0120943 | 0.0114360
77;345‘ 0.0264720 | 0.0284765 | 0.0268711 | 0.0287535 | 0.0261775 | 0.0280065
77;346‘ 0.0139494 | 0.0143204 | 0.0142909 | 0.0145350 | 0.0136999 | 0.0138806
77;356‘ 0.0114671 | 0.0110494 | 0.0118194 | 0.0113723 | 0.0112036 | 0.0105473
77;456‘ 0.0113951 | 0.0109513 | 0.0117309 | 0.0112609 | 0.0111439 | 0.0104742
77;456‘ 0.0105111 | 0.0100947 | 0.0108344 | 0.0103888 | 0.0102728 | 0.0096370
77I2345‘ 0.0196196 | 0.0209563 | 0.0199111 | 0.0211396 | 0.0194037 | 0.0206288
77I2346‘ 0.0122733 | 0.0123793 | 0.0125513 | 0.0125577 | 0.0120687 | 0.0120239
77I23561 0.0105267 | 0.0100189 | 0.0108197 | 0.0102937 | 0.0103058 | 0.0096025
77I24561 0.0098432 | 0.0093679 | 0.0101159 | 0.0096249 | 0.0096371 | 0.0089786
77I34561 0.0099003 | 0.0094065 | 0.0101710 | 0.0096584 | 0.0096992 | 0.0090250
77;34561 0.0085480 | 0.0080781 | 0.0087832 | 0.0082997 | 0.0083699 | 0.0077412
77I234561 0.0079618 | 0.0074703 | 0.0081616 | 0.0076630 | 0.0078094 | 0.0071838
Log- -1402.758 -1402.758 | -1402.758 | -1402.758 | -1402.758 | -1402.758
Likelihood

Iterations? 13 11 12 10 11 10

1CI: lower confidence limit, uCl: upper confidence limit
: 77;. is the dependency of the sensitivities of test i and test j; m; is the dependency of the specifities

of test i and test j
2 The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step
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S4 Table. Resulting values for the stepwise latent class algorithm for the vaccinated subgroup for the

four starting value sets

Parameter Starting Starting Starting Starting
values M1 values MR values RI values RR
Prevalence 0.8340011 0.8797012 0.6874968 0.8738472
1C1 0.8002903 0.8502278 0.6455020 0.8437658
uCl 0.8677119 0.9091747 0.7294916 0.9039287
Sensitivity 1 0.9177018 0.8791367 0.9995038 0.8836254
IC1 0.8928029 0.8496036 0.9974862 0.8545721
uCl 0.9426006 0.9086698 1.0015215 0.9126788
Sensitivity 2 0.8761292 0.8337009 0.9823997 0.8392046
IC1 0.8462822 0.7999657 0.9704863 0.8059230
uCl 0.9059763 0.8674361 0.9943132 0.8724862
Sensitivity 3 0.8415881 0.8011879 0.9738739 0.8064909
IC1 0.8085072 0.7650284 0.9594221 0.7706991
uCl 0.8746690 0.8373473 0.9883257 0.8422827
Sensitivity 4 0.8224948 0.7807156 0.9545927 0.7857367
IC1 0.7878765 0.7432284 0.9357300 0.7485622
uCl 0.8571130 0.8182029 0.9734555 0.8229112
Sensitivity 5 0.9455100 0.9132076 1.0027371 0.9177181
IC1 0.9249452 0.8877006 3 0.8928215
uCl 0.9660748 0.9387145 - 0.9426147
Sensitvity 6 0.9898129 0.9687037 1.0021484 0.9609851
IC1 0.9807151 0.9529285 3 0.9434419
uCl 0.9989107 0.9844789 3 0.9785282
Specifity 1 0.9252195 0.9634234 0.7100122 0.9554180
IC1 0.9013881 0.9464158 0.6689014 0.9367193
uCl 0.9490509 0.9804310 0.7511230 0.9741166
Specifity 2 0.9609231 0.9686463 0.8022970 0.9695379
1C1 0.9433666 0.9528571 0.7662136 0.9539676
uCl 0.9784796 0.9844355 0.8383804 0.9851081
Specifity 3 0.9675930 0.9795592 0.8792660 0.9800632
1CI 0.9515495 0.9667389 0.8497465 0.9673987
uCl 0.9836365 0.9923795 0.9087854 0.9927277
Specifity 4 0.9875143 0.9897116 0.8983858 0.9887411
1CI 0.9774540 0.9805692 0.8710116 0.9791819
uCl 0.9975746 0.9988540 0.9257600 0.9983003
Specifity 5 0.8332342 0.8928543 0.5940496 0.8866938
1CI 0.7994611 0.8648316 0.5495577 0.8579762
uCl 0.8670072 0.9208771 0.6385415 0.9154113
Specifity 6 0.7211439 0.8368640 0.4149786 0.7460164
1CI 0.6805151 0.8033879 0.3703378 0.7065788
uCl 0.7617727 0.8703402 0.4596194 0.7854539
! 0.0159569 0.0108192 0.0980023 0.0143303
77;31 0.0228745 0.0132577 0.0738307 0.0154019
7, 0.0059857 0.0066310 0.0380955 0.0079797
s 0.0220352 0.0140534 0.1130476 0.0190629
s 0.0464414 0.0254506 0.1150169 0.0290739
7y, 0.0072372 0.0066216 0.0429163 0.0078226
May! 0.0064075 0.0069675 0.0496910 0.0081000
+l 0.0130288 0.0091876 0.0905796 0.0127718
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7! 0.0175709 [ 0.0129860 |  0.0753081 |  0.0139250
7! 0.0058696 |  0.0082833 |  0.0497412 |  0.0078978
7! 0.0067213 | 0.0079095 |  0.0461127 | 0.0079197
7t 0.0158840 |  0.0119472 | 0.0447802 | 0.0106882
7! 0.0104035 | 0.0091860 |  0.0603639 |  0.0099832
7! 0.0090040 | 0.0086100 |  0.0421677 |  0.0083993
7! 0.0657057 | 0.0353451 |  0.1282003 |  0.0351269
7t 0.0064567 | 0.0063600 |  0.0209900 |  0.0072992
7! 0.0046992 | 0.0055926 |  0.0165465 |  0.0069074
7! 0.0102060 | 0.0084210 |  0.0303162 |  0.0106337
7! 0.0104858 | 0.0087410 |  0.0198826 | 0.0101974
T 0.0048919 | 0.0055037 |  0.0268194 |  0.0071698
7! 0.0062566 | 0.0056152 |  0.0188130 |  0.0073419
! 0.0080645 | 0.0056043 |  0.0129731 |  0.0069120
7t 0.0047123 | 0.0057759 |  0.0111434 |  0.0068609
7! 0.0037367 | 0.0052874 |  0.0041215 |  0.0056257
7! 0.0122255 | 0.0110208 | 0.0118962 | 0.0131294
7h,! 0.0045518 | 0.0054894 |  0.0258303 |  0.0068677
7! 0.0064006 | 0.0060486 |  0.0196214 |  0.0069789
7! 0.0049422 | 0.0054377 | 0.0097692 |  0.0056857
7! 0.0051763 | 0.0061265 |  0.0203148 |  0.0070384
! 0.0044014 | 0.0056973 |  0.0129683 |  0.0058860
! 0.0085973 | 0.0080006 |  0.0149769 |  0.0094550
7! 0.0048068 | 0.0073144 |  0.0248630 |  0.0069138
7! 0.0040345 | 0.0068091 |  0.0160912 |  0.0057715
he! 0.0039661 | 0.0064495 | 0.0058181 |  0.0056821
The! 0.0066821 |  0.0073238 | 0.0120228 | 0.0070521
T 0.0042647 | 0.0053849 |  0.0213724 |  0.0065847
e 0.0059525 | 0.0058900 |  0.0180911 |  0.0066943
T 0.0049600 | 0.0054847 | 0.0119670 |  0.0055770
T ac! 0.0039541 | 0.0050061 | 0.0126647 | 0.0061482
T e 0.0034016 | 0.0046835 |  0.0089786 |  0.0051586
7! 0.0073709 | 0.0070185 | 0.0187106 |  0.0079217
Trase! 0.0042360 | 0.0049781 |  0.0184771 |  0.0064285
T 0.0036330 | 0.0046624 |  0.0129245 |  0.0054003
Tce. 0.0057857 | 0.0052469 |  0.0135686 |  0.0059520
T oee! 0.0034440 | 0.0048413 |  0.0081824 |  0.0051307
Tase! 0.0037881 | 0.0048998 |  0.0159412 |  0.0060891
Tane 0.0032860 | 0.0045950 |  0.0115360 |  0.0051251
Trace! 0.0045928 | 0.0050381 |  0.0104453 |  0.0051934
Taee! 0.0037428 | 0.0051238 |  0.0107279 |  0.0052516
Tice! 0.0034774 | 0.0061229 |  0.0116709 |  0.0051603
T yase 0.0035464 | 0.0048058 |  0.0121250 |  0.0058361
T yane 0.0030717 | 0.0045048 |  0.0085382 |  0.0049108
T yace 0.0042471 | 0.0049130 |  0.0064641 |  0.0049805
T ace 0.0028514 | 0.0041898 |  0.0046327 |  0.0045868
Trasce 0.0030388 | 0.0041603 |  0.0070821 |  0.0047904
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Trasec. 0.0027321 [ 0.0041007 | 0.0063813 |  0.0045427
T yassc. 0.0025580 |  0.0040219 | 0.0051376 |  0.0043540
7, 0.0581897 |  0.0864124 | -0.0020096 |  0.0826783
7 0.0655521 | 0.0928564 | -0.0003273 | 0.0894910
7, 0.0534255 | 0.0802348 | -0.0026961 |  0.0771694
7 0.0349634 | 0.0569859 | -0.0037895 |  0.0536542
7 0.0082767 |  0.0257903 | -0.0028363 |  0.0326335
s 0.0731372'|  0.1010337 | -0.0018495 | 0.0971081
T, 0.0773753 | 0.1059528 | 0.0001910 | 0.1022971
e 0.0413796 | 0.0652149 | -0.0029091 |  0.0613260
T 0.0084748 | 0.0254751| -0.0021574 | 0.0315668
Ty 0.1059088 | 0.1311717 | 0.0118620 |  0.1280478
e, 0.0396468 |  0.0612354 | -0.0034569 |  0.0579875
g 0.0075013 | 0.0233508 | -0.0027812 |  0.0296242
e 0.0448178 | 0.0677602 | -0.0026128 |  0.0646519
e, 0.0083788 |  0.0244335 | -0.0020508 |  0.0306555
7o 0.0051186 | 0.0214348 | -0.0025019 |  0.0282652
Tiys' 0.0397030 |  0.0537100 | -0.0027525 | 0.0517160
Ty 0.0364333 | 0.0500165 | -0.0027578 | 0.0483095
Ty 0.0260142 |  0.0383834 | -0.0037974 |  0.0359810
e 0.0062453 | 0.0182549 | 0.0028375 |  0.0231225
Tias! 0.0356712 | 0.0474235 | -0.0026184 |  0.0463139
s 0.0251306 | 0.0367225 | -0.0037146 |  0.0349264
g 0.0063860 |  0.0179651 | -0.0027625 |  0.0230414
Tras! 0.0258460 |  0.0375261 | -0.0036248 |  0.0358084
e 0.0062633 |  0.0176238 | -0.0027133 | 0.0226306
Tree! 0.0033275 |  0.0154868 | -0.0031996 |  0.0211930
Ty 0.0441101 | 0.0545899 | -0.0025578 | 0.0533265
Tyac' 0.0253974 | 0.0365593 | -0.0036155 |  0.0344427
Tyac. 0.0054480 | 0.0158115 | -0.0027819 |  0.0201246
Tyas. 0.0298184 |  0.0417184 | -0.0027765 |  0.0397689
Tysc! 0.0061823 | 0.0165729 | -0.0020591 |  0.0208120
Tyec 0.0036371 | 0.0152661 | -0.0025111 |  0.0202495
Tas' 0.0268383 |  0.0364227 | -0.0032674 |  0.0350269
Tare' 0.0050909 | 0.0141251 | 0.0026294 |  0.0182810
Tec. 0.0028902 |  0.0136829 | -0.0031348 |  0.0188437
Toec. 0.0037534 |  0.0146138 | -0.0023939 |  0.0196866
Tyas! 0.0318870 |  0.0428960 | -0.0026714 |  0.0414996
Toyac! 0.0217656 |  0.0313707 | -0.0037232 |  0.0294257
e 0.0054277 | 0.0152852| -0.0027647 | 0.0194117
Tse! 0.0220192 |  0.0314808 | -0.0036273 |  0.0296419
T 0.0052532 | 0.0147979 | -0.0027105 |  0.0188179
T yee! 0.0025716 | 0.0127019 | -0.0031904 |  0.0171855
Tase! 0.0216640 |  0.0308458 | -0.0035523 |  0.0294179
Tase. 0.0054383 | 0.0148103 | -0.0026420 | 0.0190410
Tase. 0.0029276 | 0.0128776 | -0.0031157 | 0.0176142

s 0.0027665 |  0.0123070 | -0.0030543 |  0.0168998
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77;3451 0.0217635 0.0306505 -0.0034535 0.0289533
77;3461 0.0046444 0.0131045 -0.0026572 0.0167090
77;3561 0.0022690 0.0114099 -0.0031258 0.0154990
77;4561 0.0030345 0.0122063 -0.0023971 0.0162392
77;4561 0.0024360 0.0110388 -0.0029924 0.0152172
9345 0.0179440 0.0244076 -0.0035543 0.0230497
N2346 0.0044721 0.0119031 -0.0026393 0.0152187
2356 0.0022386 0.0103158 -0.0031068 0.0140091
Mi2456 0.0021088 0.0098692 -0.0030456 0.0134498
3456 0.0023978 0.0099857 -0.0029743 0.0137630
77;3456l 0.0018573 0.0088419 -0.0029839 0.0121044
77I234561 0.0018408 0.0080563 -0.0029657 0.0110102
Log- -691.0331 -691.0331 -691.0331 -691.0331
Likelihood

Iterations? 11 11 16 24

1CI: lower confidence limit, uCl: upper confidence limit
! 77;']. is the dependency of the sensitivities of test i and test j; m; is the dependency of the specifities

of test i and test j

2 The number of the iterations the whole algorithm, not the ones of the EM algorithm performed at

each step

3Confidence limits could not be calculated

S5 Table. Studies evaluating the diagnostic test accuracies of the tests analyzed in this publication that
were used as sources of information for suitable starting values for the iterative, frequentist latent class

analysis
Source Sample Tests used in the | Sensitivities Specificities
source and in our
study
Diaz et al. Blood samples from PRRS X3 100% -
(2012) experimentally and naturally
infected pigs
Gerber et al. | Oral fluid samples from PRRS X3 100% 100%
(2014) experimentally infected
boars
Sipos et al. Serum samples collected PRRS X3 100% 100%
(2009) during routine (assumed gold | (assumed
diagnostics on pig farms standard) gold
standard)
Ingezim PRRS 82.2-97.3% 71.1-92.3%
universal
Sattler et al. | Serum samples of piglets PRRS X3 90% (Type 1 -
(2016) vaccinated with an vaccine)
inactivated PRRSV vaccine 100% (field
and subsequent challenge strain)
pigtyp PRRSV 90% (Type 1 -
Ab vaccine)
100% (field
strain)
Ingezim PRRS 100% -
2.0
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Sattler et al. | Serum samples of PRRSV PRRS X3 100% 100%
(2015) positive and negative herds, (assumed gold | (assumed
pigs of monitored PRRSV standard) gold
negative herds, herds with standard)
unknown herd history and INgezim PRRS 96.0% 99.0%
wild boars 2.0
PrioCHECK 100% 95.1%
Sattler et al. | Serum samples of PRRS X3 - 100%
(2014) pigs after PRRSV type 2
live vaccination pigtyp PRRSV Higher 98,1%
and subsequent challenge Ab sensitivity than
PRRS X3
Ingezim PRRS Higher than Higher than
2.0 PRRS X3 Ingezim
PRRS
universal
Karniychuk | Serum from Belarusian PRRS X3 80.0% 83.0%
and swine farms
Nauwynck Ingezim PRRS 83.0% 77.0%
(2014) universal
Biernacka et | Serum samples obtained PRRS X3 64.8% 100%
al. (2018) from Polish pig farms _
INgezim PRRS 59.3% 96.6%
2.0
Pigtype PRRSV | 63.6% 98.6%
Ab
PrioCHECK 67.2% 94.2%
Henao-Diaz | Oral fluid samples with PRRS X3 100% 100%
etal. (2019) | known status collected
under experimental pigtyp PRRSV 94.0% 100%

conditions

Ab
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